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Abstract

Exploiting geothermal energy using existing deep mining systems streamlines the development

of geothermal systems while addressing the cooling needs of deep mines. However, the combined

effects of low-temperature and high-pressure injection during geothermal operations adversely im-

pact the stability of deep mine drifts. This makes it crucial to reliably assess the stability of the

drifts and ensure the desired temperature evolution near drifts and the production well. In this

paper, we investigate the impact of deep geothermal operations on the stability of mine drifts

through thermo-hydro-mechanical (THM) numerical modeling. The results show that impact of

cold water injection on the stability of the mine is predominantly influenced by thermal effects,

in addition to poro-elastic effects. The reduction in temperature and the increase in pore pres-

sure both contribute to a decrease in effective stress, which is detrimental to the drift stability,

though the evolution of the different mechanisms differs. Furthermore, we utilize the distance-

based generalized sensitivity analysis (DGSA) method to quantify the sensitivity of the THM

model parameters (including design parameters and material properties), thereby optimizing the

system design. The results show that the distance between the mine system and the geothermal

system is the paramount factor influencing the system’s response. Other design parameters (injec-

tion rate and temperature, well spacing) and material properties (thermal expansion coefficient,

permeability, Young’s modulus and heat capacity) also hold substantial significance. Conversely,

the system’s behaviour is not sensitive to parameters such as porosity and thermal conductivity.

By analyzing the range of parameters using DGSA, we provide recommendations for optimizing

the system. The verification results show that, given favorable geological settings as suggested, ra-

tional selection of system design parameters can facilitate efficient geothermal extraction activities

in deep mines. This approach finds optimized development options considering uncertainty of the

subsurface, offering valuable advice and guidance for decision-making in geothermal production.

Keywords: Deep Geothermal; Thermo-hydro-mechanical coupling; Sensitivity analysis; Uncertainty

quantification.
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1 Introduction

With the increasing demand for alternative energy and mineral resources, and the gradual depletion of

shallow resources, resource extraction is gradually advancing to deeper geological formations. Geother-

mal energy, with an abundant reserve below the subsurface, significantly contributes to achieving green,

clean, and sustainable energy supplies [1, 2, 3, 4, 5]. Challenges in exploiting deep geothermal energy

arise from insufficient knowledge of the subsurface and the substantial upfront expenses involved in

geothermal resource exploration. Operational mines at depths exceeding 1 km are generally located in

temperatures high-enough for meaningful heat production conditions, with relatively well characterized

geological settings. Consequently, harnessing geothermal energy through the existing infrastructure of

deep mines in a safe, efficient and sensible way is a crucial point of attention. [6, 7, 8, 9]. Information

from subsurface characterization in existing mines serves as a reference for geothermal extraction and

existing shafts and drifts in mining systems substantially reduce the costs associated with geothermal

drilling. In addition, the injection of cold water during geothermal system operation cools mining areas

through heat exchange, aiding in the management of heat hazards during mining [10, 11].

Geothermal energy in deep mines is currently categorized into two approaches: the use of abandoned

mines and the collaborative extraction of geothermal and mineral resources [12]. In the first approach,

abandoned mines are typically flooded as drainage measures are no longer maintained after the closure

of the mines, and the floodwater can act as an energy medium for geothermal power. Several success

stories already exist of utilizing abandoned mines for geothermal energy, such as in Alsdorf, Marienberg,

Freiberg in Germany, Limburg in the Netherlands, Folldal in Norway, Asturias in Spain, Glasgow in

the UK, and Kingston and Scranton in Pennsylvania, USA [13, 14, 15]. The depths of these geothermal

systems generally fall below 200 m, and reservoir water temperatures usually range from 10 to 25 ℃,

providing heat supply to nearby buildings. Research on the collaborative extraction of geothermal and

mineral resources is less common, but significant progress has been made in China, with successful

applications in coal mines such as those in Jiahe, Sanhejian, Zhangshuanglou [6, 16, 17]. These coal

mines are mostly deep mines with temperatures exceeding 30°C. Their heat production surpasses that

of geothermal mining in shallow abandoned coal mines and the extraction of geothermal energy from

mine water successfully reduces the temperature of drifts by 4-6 ℃, effectively mitigating heat hazards

in the mines. Within these projects, the primarily extracted geothermal energy involves mine water,

with a minor portion from mine return airflow thermal energy. The overarching objective of these deep

co-extraction systems is mineral extraction, with geothermal production mainly aimed at managing

heat hazards, so that the amount of actually utilizing geothermal energy remains limited.

Unlike the indirect methods of extracting geothermal energy through mine water or airflow, the bedrock

harbors a wealth of thermal energy. Direct extraction of geothermal energy from bedrock, facilitated

by geothermal systems built within existing deep mines, represents a promising approach for deep

mining geothermal exploitation [10, 12]. Although not yet implemented in practice, conceptual models

for direct geothermal extraction within deep mines have been proposed. These models serve as a basis

for thorough investigations into the system’s cooling and heating effects via numerical simulations

[7, 18, 19]. However, a current gap in research exists regarding the system’s stability. The environment

of deep mines and geothermal systems at depths of several kilometers are characterized by elevated

temperature (typically over 40°C), high water pressure (typically over 10MPa), and high geostress

(typically over 30MPa). Injecting cold fluids in geothermal mining systems expands low-temperature

and over-pressurised areas around injection wells, significantly disrupting the original stress field and

jeopardizing the system’s structural safety and stability [20, 21, 22, 23]. Many studies suggested

that stress disturbances in reservoir rocks stem from the combined effects of thermal stress, due to
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temperature changes, and poroelastic stress, arising from fluctuations in pore pressure. Decreases in

temperature and fluid overpressure can result in reduced effective stress, potentially compromising the

stability of surrounding rock [24, 25, 26]. Therefore, conducting coupled THM (thermal-hydraulic-

mechanical) studies on the deep mine geothermal extraction system to ensure efficient geothermal

production and cooling of the mine drifts, while concurrently maintaining the safety and stability of

the mining system, is a challenge that warrants exploration.

Consideration of a wide variety of parameters, including hydraulic, thermal, and mechanical proper-

ties, is required for the THM numerical model. In the THM coupling process, complex interactions

among physical processes are influenced by the collective influence of numerous parameters. There-

fore the construction of a reliable THM geothermal model remains a time-intensive endeavor, Despite

advancements in numerical modeling for addressing THM geothermal challenges—for example, the

utilization of High-Performance Computing (HPC) to markedly improve computational speed, preci-

sion, and the ability to manage large-scale issues[27, 28]—the construction of reliable THM geothermal

models remains a daunting task.

Considerable uncertainties in the model development stem from incomplete knowledge of the pa-

rameters and the complexity of subsurface structures [29, 30]. Two main aspects contribute to this

uncertainty in the technical aspects of geothermal production: subsurface characterization and de-

velopment options [31]. Understanding of the target reservoir, typically based on data interpretation

and empirical correlations, may not fully capture the subsurface property distribution and uncertainty

will still remain [32]. Furthermore, the design of the geothermal system often plays a crucial role in

influencing reservoir responses, with factors like well spacing, injection rate and temperature being

critical considerations in geothermal design [33]. In the deep mine geothermal model examined in this

study, the proximity between the geothermal system and the mining system is also investigated.

Enhancing the reliability of geothermal systems necessitates rational parameter selection based on un-

certainty analysis and geothermal systems are complex dynamic systems that should be characterized

in both space and time [34]. Certain studies focus on uncertainty analysis to explore how various

parameters affect the production temperature and stability of geothermal systems under THM cou-

pling conditions. Parameters like the rock’s elastic modulus, thermal conductivity, heat capacity, and

permeability, along with design elements such as injection rate and temperature, and well spacing,

are found to significantly influence the system’s response [35, 36, 37, 38]. However, the methodologies

employed in these analyses are typically local sensitivity analysis techniques, utilizing partial deriva-

tives or sensitivity coefficients. For instance, the one-at-a-time (OAT) sensitivity analysis approach

involves changing one parameter at a time, with others held constant, to determine its impact on the

output. OAT provides valuable insights near a baseline point but may not capture the full range of in-

teractions between parameters or model behavior across the entire input space [30]. Global sensitivity

analysis, unlike local sensitivity analysis, encompasses the entire range of input parameters, assessing

how changes influence model outputs and is more suited to examine nonlinearities and interactions

among parameters. Thus, employing global sensitivity analysis in optimising complex deep geothermal

systems is a preferable approach [39, 40]. This method entails generating numerous samples through

specific sampling strategies within the model parameters’ probability distribution, followed by for-

ward simulation of system responses, and then evaluating their impact. Global sensitivity analyses

in geothermal systems have so far primarily focused on evaluating, quantifying, and optimizing the

production temperature, operational efficiency, and lifespan of the system [41, 42, 43, 44, 45, 46, 47].

Some studies target coupled THM modeling of geothermal production, but investigations into the

mechanical stability of the co-mining systems are notably lacking.
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Figure 1: Conceptual representation of geothermal extraction in a deep mine. Top left: fluid flow
around the injection well. Bottom left: heat transfer around the injection well. Upper right: hetero-
geneity of the permeability field. Lower right: the stability evolution of the mining drifts, represented
by Mohr-Coulomb circles (a) indicating failure, (b) indicating stability.

This work investigates the cooling effects on the stability of mine drifts, as well as temperature in

production wells within the integrated framework of combined mining and geothermal operations. We

employ THM (thermal-hydraulic-mechanical) numerical modeling to explore how poroelastic stress

and thermal stress influence the stability of mining systems during geothermal operation. A sensitivity

analysis using the DGSA (distance-based generalized sensitivity analysis) method is then conducted

based on a dataset from 1,000 realizations generated through Latin hypercube sampling. By assigning

fixed values to non-sensitive parameters, the system’s complexity is reduced, effectively quantifying the

uncertainty of sensitive parameters. Lastly, based on the sensitivity analysis results and verification, we

outline a framework for system optimization under subsurface uncertainty, guiding effective decision-

making for enhanced geothermal energy production and mine stability. Our findings underscore the

importance of rational design parameter selection within appropriate geological contexts, facilitating

optimal and efficient geothermal operations.

2 Methodology

A 2D thermo-hydro-mechanical finite element model of a synthetic geothermal system situated directly

beneath an existing mine is developed (Figure 1), implemented in COMSOL Multiphysics. During the

operation of the geothermal system, we analyze the evolution of the temperature and stability changes

in the mining system’s drifts, as well as the evolution of the production temperature of the geothermal

system. Subsequently, the responses of temperature and stability generated from 1,000 stochastic

simulations were used as inputs for distance-based generalized sensitivity analysis (DGSA).
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2.1 Governing equations

The fluid mass balance equation is written as:

∂

∂t
(φρf) +∇ · (ρfu) = Qf (1)

where t(s) is time, φ is the porosity, ρf(kg/m
3)is the density of the pore fluid, u(m/s) is the advective

fluid flux, and Qf(kg/m
3 · s) represents an external source or sink. The storage term of the water mass

balance equation can further be expressed as:

∂

∂t
(φρf) = ρf

(
φχf +

∂φ

∂pf

)
∂pf
∂t

= ρfS
∂pf
∂t

(2)

where χf(1/Pa) is the fluid compressibility, pf (Pa) is the fluid pressure, and S(1/Pa) is a storage

coefficient, accounting for the compressibility of the porous material and pore fluid. The fluid flux is:

u = −k

µ
(∇pf + ρg∇d) (3)

where k(m2) is the permeability, µ(Pa · s) is the fluid dynamic viscosity, and g(m/s2) is gravity. d(m)

is depth. The external source/sink term Qf(kg/m
3 · s) is given by:

Qf = −ρfαB
∂εvol
∂t

(4)

where αB is biot coefficient, and the εvol is volumetric strain of the porous matrix.

The energy balance equation is given by:

(ρfCf)eq
∂T

∂t
+ ρfCfu · ∇T = ∇ · (q) +Q (5)

where T (K) is temperate, and (ρfCf)eq(J/(m
3 ·K)) is the equivalent volumetric heat capacity of porous

media:

(ρfCf)eq = (1− φ)ρsCs + φρfCf (6)

ρs(kg/m
3) and Cs(J/(kg · K)) are the density and heat capacity of the solid, and ρf(kg/m

3) and

Cf(J/(kg · K)) are the density and heat capacity of the fluid, respectively; and Q(W/m3) is the heat

source term, q(W/m2) is the heat flux:

q = −λeq∇T (7)

where, λeq(W/m ·K) is the equivalent thermal conductivity of the porous media material, T (K) is

temperature. Within porous media, the equivalent parameters are determined by volumetric averaging

between the solid phase Ks and fluid phase Kf:

Keq = (1− φ)Ks + φKf (8)

Consequently, the stress tensor σ can be expressed through a constitutive equation that encompasses

temperature change and fluid pressure change:

σ = C(ε− εth)− pfI (9)
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where C represents the material’s elastic matrix, and I is a unit tensor. The thermal strain εth

is expressed in terms of the coefficient of thermal expansion αT (1/K) and change from an initial

temperature T − Tref:

εth = αT (T − Tref )I (10)

The relationship between fluid pressure, increment in fluid content ζ, and volumetric strain εvol is

expressed as:

pf = M (ζ − αBεvol) (11)

whereM(Pa) is Biot’s modulus, defined as the inverse of the storage coefficient S. The solid deformation

complies with force equilibrium:

ρpg = −∇ · σ (12)

In this study, water properties are assumed to vary with temperature T (K). The impact of temperature

on properties such as dynamic viscosity yf(Pa · s), heat capacity λf(J/kg ·K), density ρf(kg/m
3), and

thermal conductivity Cf(W/m ·K) was respectively expressed through the following empirical relations

[48, 49]:

yf = 1.38− 0.028T + 1.36× 10−4T 2 − 4.64× 10−7T 3 + 8.9× 10−10T 4 (13)

λf = −0.869 + 0.0097T − 1.58× 10−5T 2 + 7.98× 10−9T 3 (14)

ρf = 838.47 + 1.47T − 0.0037T 2 + 3.72× 10−7T 3 (15)

Cf = 12010.15− 80.41T + 0.317T 2 − 5.38× 10−4T 3 + 3.62× 10−7T 4 (16)

2.2 Geometry, initial and boundary conditions and model parameters

We develop a 2-dimensional conceptual model of a geothermal system, as depicted in Figure 2. The

model includes two mine drifts, each with a 3m radius, situated at a depth of 1,100m and spaced

500m apart. The geothermal injection and production wells are positioned beneath the two drifts, at

vertical distances of 120m and 220m from the mine drifts, respectively. The model domain is 3 km

wide, centered on the midpoint between the two drifts, with a depth range from 300m to 2,300m.

The surface temperature is set to 10°C and the geothermal gradient to 30°C/km, with the sides featur-

ing thermal insulation. The pressure boundary condition represents an initial hydrostatic gradient of

10 MPa/km, setting the top boundary at 3MPa and the bottom at 23MPa, and no-flow conditions to

the sides. Vertical self-weight stress is applied to the top, and roller support conditions are employed

on the remaining three sides. Gravity influences both pressure and effective stress within the model,

and stress equilibrium is established prior to the operation of the geothermal system.

Comparing isothermal and non-isothermal injection is a typical approach for analyzing thermal stress

effects in THM models [50, 51]. In this work, to accurately study the impact of thermal stress and

poroelastic stress on the system we establish two scenarios: i) isothermal injection (with both domain

and injection water temperature of 30℃) and ii) non-isothermal injection (with an injection water

temperature of 10℃ and domain temperature following the geothermal gradient).

To consider spatial heterogeneity, we generate permeability, porosity, and Young’s modulus fields

through sequential Gaussian simulation, with a range of 100m for the variogram in the flow direction

and a primary direction set at 60° [43, 52]. The triangular mesh used in this study contains about

24,000 elements in each model. The parameters of the system and material properties utilized in the

simulation are summarized in Table 1 [25, 53, 51, 54, 50, 55]:
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Figure 2: Schematic of heterogeneous 2-D numerical model including initial and boundary conditions
(not to scale). In the isothermal injection scenario in Section 2 and model scenarios in Section 3, the
initial condition of temperature is set to 30 °C, with both the top and bottom temperatures at 30 °C,
disregarding the temperature gradient.

2.3 Mine stability assessment

The mobilized friction angle ϕ is used to assess the stability of the rock mass [50, 51]. Assuming a

Mohr-Coulomb failure criterion, the mobilized friction angle is given by:

ϕ = tan−1

(
σ

σ′
n

)
(17)

where σ is the deviatoric stress and σ′
n is the effective normal stress. A point of the rock mass is

deemed stable when ϕ is lower than the friction angle 30°.

2.4 Stochastic analysis

Given the limited knowledge of the subsurface, we explore the uncertainty of model parameters through

stochastic simulation. Recognizing the inherent limitations in accurately determining all model param-

eters, we extend our analysis to encompass a broader spectrum of possible outcomes. This is achieved

by assigning uniform distributions to 14 critical parameters, which include 4 design parameters, 8

material properties, and 2 heterogeneity parameters while keeping the remaining variables constant.

To systematically investigate the impact of these uncertainties, we employ the Latin Hypercube Sam-

pling (LHS) method to generate 1,000 realizations of the model parameters[56]. These realizations

enable us to conduct a series of forward simulations that reflect a wide range of potential conditions.

For these realizations the geothermal gradient, is also incorporated. The surface temperature is set at

10°C and the gradient at 30°C/km. The specified range for each parameter is detailed in Table 1.
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Type Parameters Unit Iso/Non-Iso
Simulations

Stochastic
Simulations

Abbreviation

Heterogeneity
parameters

Range m 100 U[20 200] Range

Orientation ° 60 U[60 120] Angle

Design parame-
ters

Well spacing m 500 U[200 800] Dist h

Vertical distance
from the drift to
the well

m 120 U[50 200] Dist v

Temperature of
injected water

°C 10, 30 U[10 30] T inj

Pumping rate kg/s 50 U[20 70] P rate

Material proper-
ties

Mean of log10K m2 -13 U[-14 -12] K mean

Variance of
log10K

m2 0.5 U[0.1 1] K var

Porosity 1 0.125 U[0.05 0.2] Porosity
Young’s modulus GPa 15 U[10 20] Y modu
Density kg/m3 2500 U[2300 2700] Dens
Thermal expan-
sion

1/K 5e-6 U[1e-6 1e-5] T expa

Heat capacity J/kgK 1050 U[800 1300] H capa
Thermal conduc-
tivity

W/mK 1.85 U[1.2 2.5] T cond

Table 1: Geological and design parameters and material properties used in the numerical model.

2.5 Distance-based Generalized Sensitivity Analysis (DGSA)

This work employs Distance-based Generalized Sensitivity Analysis (DGSA) to analyze the sensitiv-

ity of the selected model parameters to the reservoir response simulated by the stochastic simulation.

DGSA is capable of handling single outputs, as well as more complex time-dependent or spatiotemporal

outputs [57, 39, 40]. A distinctive feature of DGSA is its use of clustering algorithms to categorize out-

put variables into different groups based on their mutual distances, thereby facilitating the assessment

of uncertainty.

Initially, this method divides outputs into several clusters using a distance-based clustering approach,

examining the cumulative distribution function (CDF) of a specific parameter in each cluster and

comparing it to the original distribution. This process yields the normalized sensitivity index by

considering the average differences between the CDFs in each cluster. DGSA employs a resampling

technique to quantify variations among samples redistributed within clusters. Sensitivity is represented

by the average of the mean differences across all categories, if distributions within various categories

differ significantly, the parameter is deemed sensitive. In this study, parameters are defined as sensitive

if their sensitivity value exceeds 1 [58].

S(X) =
1

C

C∑
c=1

d̂c,s, with
d̂c

ďca
(18)

d̂c,i = dL1F (X), F (X|c), c = 1, . . . , C (19)

where d̂c,s is the normalized distance within a cluster, d̂c is the average of the distances for cluster c,

and ďca is the ath quantile of the distances within cluster c, with a being set to 0.95, and d̂c,i is the L1

distance between the cumulative distribution function of the entire dataset F (X) and the cumulative

8



distribution function of the dataset conditioned on cluster c, F (X|c).
In similar context, it is possible to determine a conditional effect (i.e. interaction between parame-

ters). This approach delineates the impact of one parameter when it is conditioned upon the level

(or grouping) of a different parameter. The method for deriving the second-order conditional effect

adheres to a methodology comparable to the previous one, expressed as follows:

S(Xi|Xj) =
1

C

1

L

C∑
c=1

L∑
l=1

d̂c,i|j , l
S with d̂c,i|j , l

S =
d̂c,i|j,l
ˆ̂
dc,i|j,l(a)

, i, j = 1, . . . , k; l = 1, . . . , L; c = 1, . . . , C

(20)

Here, the term d̂c,i|j,l is the normalized L1 norm distance that accounts for the disparity between the

distribution of Xi in class C and the distribution where Xj is at a specific level l.

In this study, the number of clusters is preset to 3, categorizing responses into ”good,” ”moderate,”

and ”poor” to assess the model’s performance. As an unsupervised method, the clustering approach

involves defining response labels based on a subjective interpretation of the expected response. Smaller

changes in stability are considered ”good” when evaluating the stability of drifts, while faster cooling

is considered ”good” for the temperature of drifts. The DGSA method contributes to parameter

optimization in the model in two ways. First, by analyzing the distribution of the CDFs of the

sensitive parameters across the 3 groups to inform model design, aiming to align sensitive parameters’

probabilities with the ”good” label. Second, by fixing values of insensitive parameters at the average

of the initial value range, which reduces the uncertainty of the system responses and assists in model

calibration and optimization.

3 THM modeling results

Simulations of 30-years geothermal operation and associated geomechanical reservoir response are

conducted for both isothermal injection (30°C) and non-isothermal injection (10°C), temperature of

injected water in the latter being below the initial in-situ temperature. This study focuses on the

effects of the injection well on the left drift, particularly on the vertical line (VL) between the injection

well and the drift lower edge.

3.1 Coupling between pressure and temperature

In the THM geothermal model, pressure changes migrate rapidly, with more pronounced pressure

changes around the injection well that gradually diffuse towards the drift edge. Conversely, the area

of temperature disturbance expands more slowly. As illustrated in Figure3, under isothermal injection

conditions, the temperature along the VL remains constant, and the pressure change stabilizes within

a very short duration (0.1 years), with greater pressure values closer to the injection well. Under

non-isothermal injection conditions, as shown in Figure4, temperature disturbance migrates slowly

with the same maximum temperature drop (-20°C) controlled by the injection temperature. The

decrease in temperature caused by the propagation of the cold front leads to a notable increase in

pressure. After 30 years of operation the the ∆p near the injection well caused by isothermal injection

approximates 0.22MPa, while after non-isothermal injection, it reaches 0.75MPa. In the region near

the drift, the pressure change rises from 0.16MPa to 0.21MPa, marking a 31% increase. This occurs

because in areas affected by temperature drop, the decrease in fluid temperature leads to an increase

in dynamic viscosity, which impedes fluid flow and leads to increased pressure in that area, thus
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Figure 3: Spatiotemporal evolution of ∆T and ∆p on the measurement line VL during isothermal
injection: (a)∆T, (b)∆p.

Figure 4: Spatiotemporal evolution of ∆T and ∆p on the measurement line VL during non-isothermal
injection: (a)∆T, (b)∆p.
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Figure 5: Spatiotemporal evolution of ϕ on the measurement line VL stability: (a) isothermal injection,
(b) non-isothermal injection.

potentially increasing the risk of instability. In non-isothermal injection, the mechanical response is

not solely the result of pressure or temperature acting independently, but rather a combined effect of

rapidly developing pressure front first, followed by the thermal effect on cooling areas, and the pressure

changes in these cooling areas during the process.

3.2 Evolution of the poroelastic and thermal stress fields

The response characteristics of poroelastic stress and thermal stress reflect those of pressure and

temperature migration, with both factors adversely affecting the stability of the surrounding rock. An

increase in pore pressure reduces the effective stress in the rock, leading to an increase in the mobilized

friction angle, denoted as an increase in ϕ, and a heightened likelihood of rock failure. Injection of cold

water decreases thermal stress in the rock, thereby increasing the risk of failure in the surrounding

rock and consequently weakening the stability of the mine drifts [24, 59].

Due to the excavation, a pronounced stress concentration is observed within approximately 5r (15m)

of the drift[60]. At the drift’s edge, initial ϕ can reach 80°, with certain areas exhibiting low ϕ due to

changes in the maximum and minimum principal stresses (Figure 5a). A comparison of the impacts of

isothermal and non-isothermal injection on ϕ demonstrates that temperature significantly influences

system stability more than pressure does and the variation in ϕ values mirrors the characteristics of

temperature propagation, as shown in Figure5. In the area distant from the drift, as indicated by the

dashed line on the right side of Figure5(b), ϕ typically ranges from 21° to 26°. However, at the dashed

line’s left, the initial ϕ values are significantly affected by the excavation. Considering this study

is conducted on the foundation of an existing mine system for geothermal operation, we posit that

stability on the left side of the dashed line is controlled by excavation, assuming the stress concentration

area around the drift remains safe due to support. Conversely, the right side is affected by geothermal

operation, and if the ϕ on this side exceeds 30° during geothermal operation, failure is reached. We

designate the position 5r (15m) below the drift as a potential risk point for monitoring the mechanical

response during system operation. Specifically, in the area between the drift and the injection well, a

pattern of ϕ initially decreasing and then increasing suggests that while the surrounding rock’s stability

is finally weakened, there is an improvement in stability at the early stage.
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Figure 6: Effective stress, pressure, stability, and temperature changes at potential risk points: (a)
5-day injection, (b) 30-year injection.

3.3 Evolution of the mine stability at the potential risk points

During simulation of the 30-year geothermal operation, we examine the ∆σ1, ∆σ3, ∆p, ϕ, and ∆T at

the potential risk point(5r (15m) below the drift) to evaluate the evolution of stability. The changes

in stability at the risk point can be divided into four distinct stages (Figure6):

1) Slight Reduction (0-5 days): Figure6(a) reveals that 5 days post-injection, a short-term decrease in

both σ1 and σ3, caused by the rapid migration of injection-induced pressure and an increase in pore

pressure, leads to reduced stability.

2) Minor Enhancement(0-6 years): In this phase, the temperature remains relatively unchanged; due

to the increase in thermal stress around the injection well, the potential risk point’s σ1 decreases, but

σ3 experiences a slight increase due to the effect of the stress arching. Therefore ϕ decreases by about

0.6, indicating an improvement in stability.

3) Transition(6-19 years): As the temperature of this point begins to decrease, influenced by thermal

stress, bothσ1 and σ3 decrease, indicating significant reduction in the stability.

4) Deterioration(19-30 years): The temperature and mobilized friction angle stabilize, as the area

becomes completely encompassed by the spread of the cold plume.

It should be noted that although the observed behavior is informative on the processes taking place

and can thus be generalized, they remain characteristic of one set of subsurface properties and design

parameters, especially in terms of absolute values. It is crucial to consider all potential risks more

systematically and quantitatively.

4 Uncertainty quantification results

4.1 Sensitivity analysis

As previously mentioned, 3 clusters were defined in this study, categorizing responses into ’good,’

’moderate,’ and ’poor’ clusters by the K-medoids clustering method. Figure7 displays the clustering

results of the 1,000 realizations. For the drift stability, the group with small ϕ values is categorized as

”good” (blue). For the temperature at the drift, the group exhibiting fast temperature drop is deemed

”good”. Whereas for the production well temperature, the group with slow temperature decrease

is classified as ”good”. Figure8 illustrates the CDF distributions of the 5 parameters showing the

most significant distribution differences across the responses. Based on Figure8, the sensitivity of each

parameter across the 3 groups is quantified, defining parameters with a sensitivity value over 1 as
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Figure 7: Clustering results of response: (a) stability of the drift, (b) temperature at the drift, (c)
temperature at the production well.

Figure 8: CDF distribution of top 5 parameters with greatest variance in responses across 3 clustering
groups: (a) stability of the drift, (b) temperature at the drift, (c) temperature at the production well.

Figure 9: Sensitivity analysis results of responses (including all sensitive parameters and top 5 in-
sensitive parameters): (a) stability of the drift, (b) temperature at the drift, (c) temperature at the
production well.
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Figure 10: Outcomes of inter-parameter sensitivity values: (a) stability of the drift, (b) temperature
at the drift, (c) temperature at the production well.

sensitive.

For the stability analysis of the drift, Figure 9(a) identifies the vertical distance between the injection

well and the drift as the most sensitive parameter. This is followed by thermal expansion coefficient,

injection rate and temperature, and permeability. Figure8(a) indicates that an increased vertical

distance correlates with enhanced safety of the drift. In the ”poor” category, about 78% of the

realizations feature a vertical distance of less than 100 m, The remaining 22% are located at 100-150

m, whereas in the ”good” category, realizations with a vertical distance exceeding 100 m constitute

83% of the group, when the distance exceeds 150 m, samples categorized as ”poor” no longer appear.

Within the vertical distance range, the influence of pore pressure is minimal, suggesting that thermal

stress more significantly impacts the stability of the drift compared to poroelastic stress, a conclusion

further supported by the high sensitivity of the thermal expansion coefficient. Figure8(a) shows that

a higher thermal expansion coefficient associates with an increased risk. In the ”poor” category, most

realizations display high ϕ values towards the end of the simulation, albeit with a slight improvement

at the early stage. Parameters related to fluid injection suggest that a higher injection rate, lower

permeability, and lower injection temperature (resulting in a larger temperature difference) contribute

to unfavorable stability evolution in the drift.

SA results for the temperature of the drift, as shown in Figure9(b), reveal that the vertical distance

between the drift and the well is the primary parameter influencing cooling. Unlike the results for

stability, a smaller vertical distance is favorable for cooling. Injection rate and permeability are ad-

ditional sensitive parameters, with their CDF (Figure8) results indicating a more pronounced impact

on the ”poor” category.

In the SA results for the production well temperature, as illustrated in Figure9(c), Permeability emerges

as the most sensitive parameter in geothermal systems. Increased permeability facilitates earlier ther-

mal breakthrough, characterized by a significant reduction in production temperature, which can be

defined as a 10% decrease in the difference between the initial production temperature and the in-

jection temperature. Additionally, both the vertical distance between the well and the drift and the

well spacing are sensitive, particularly the vertical distance. In this model, a greater vertical distance

indicates increased depth, consistent with the conventional notion that deeper geothermal systems are

more efficient [3]. The well spacing significantly affects the likelihood of thermal breakthrough, with

a smaller horizontal distance increasing the probability of occurrence. However, during the 30-year

simulation period, most realizations did not exhibit thermal breakthrough. It is anticipated that with

extended extraction duration or high rates, the sensitivity of well spacing to production temperature

will increase.
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The sensitivity analysis (SA) presented in Figure10 uncovers intricate interactions among the system’s

parameters, particularly emphasising the pivotal role of the vertical distance between the mine drift

and the geothermal system. For the drift’s response, vertical distance, in conjunction with mean

permeability, injection rate, predominantly influences reservoir behavior. As to the temperature at

the production well, the mean and variance of permeability exhibit significant interaction, indicating

that the spatial distribution has an impact on water propagation. A notable interaction between

well spacing and permeability emerges, similar to previous studies only focusing on geothermal heat

production [31, 61]. These interactions all relate to how fast the temperature front migrates to the

drift or the production well. Furthermore, in terms of the stability of the drift, vertical distance and

thermal expansion exhibit significant interplay, aligning with our prior findings that the stability of

the drift is governed by the thermal stress.

In summary, vertical distance and permeability emerge as the most sensitive parameters among the

three responses, each showing diverse distribution trends in the ”good” category. Crucial design pa-

rameters of the model (including pumping rate, injection temperature, and well spacing) and some

material properties (including the permeability, thermal expansion coefficient, Young’s modulus, and

heat capacity) prove particularly sensitive. Other material properties, such as the porosity, thermal

conductivity, density, range, and angle do not show significant sensitivity in the responses nor interac-

tions, therefore, we recommend maintaining these five parameters at the average of their prior value

ranges.

By reducing the model’s complexity and uncertainty via the DGSA method, we can utilize the results

to refine and limit the range of sensitive parameters, enhancing the probability of achieving desired

performance of the system.

4.2 Suggestions to decision-making

Type Parameters Prior Values Suggested Values
Design parameters Well spacing(m) U[200 800] U[345 745]

Vertical distance from the drift to the well(m) U[50 200] U[109 117]
Temperature of injected water(°C) U[10 30] U[17 22]
Pumping rate(kg/s) U[20 70] U[38 47]

Material Properties Mean of log10K (m2) U[-14 -12] U[-13.1 -12.8]
Variance of log10K (m2) U[0.1 1] U[0.16 0.6]
Young’s modulus(GPa) U[10 20] U[11.4 16.7]
Thermal expansion(1/K) U[1e-6 10e-6] U[1.5e-6 2.9e-6]
Heat capacity(J/kgK) U[800 1300] U[1015 1235]

Table 2: Prior model parameters and optimal value used for verification.

This section introduces an analytical model based on the DGSA results, aimed at identifying the op-

timal range for sensitive parameters. This approach involves determining a parameter range by eval-

uating the probability density of sensitive parameters, that leads to desired performance and thereby

enhancing the likelihood of achieving responses categorized as ”good” during the DGSA clustering in

forward simulations.

For parameters that appear only once across the three sensitivity analyses, a single probability den-

sity is evaluated. For parameters appearing multiple times, we employ a statistical overlap analysis

method, which identifies common areas between different groups by analyzing the overlap of probabil-

ity densities, akin to the concept of Pareto optimality. A range is defined that effectively balances the

probability distributions among each group. By setting a threshold of 90% of the peak value on the
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Figure 11: Parameter optimization process: Red, blue, and green represent the probability density
functions for parameters of samples labeled as ”good” for response1 (stability of the drift), response2
(temperature at the drift), and response3 (temperature at the production well), respectively.

overlap probability density, the optimal parameter value range is calculated. A range exceeding this

threshold indicates a high likelihood of the parameter satisfying the criteria in one or all groups, thus

representing the optimal parameter distribution range.

Using the vertical distance as an example (see Figure11), this parameter shows varying distribution

trends in the ”good” category for different responses. For stability of the drift and temperature at the

production well, larger values are favored, with the most concentrated distribution observed at 180m.

Conversely, for cooling of the drift, smaller values are desirable, with approximately 70m identified

as the optimal range for cooling. According to this method, the peak of the probability distribution

across the three categories occurs around 112m, establishing the optimized range as 109m to 117m.

While this method may not always yield the optimal expected response when optimizing parameters

with diverse distributions, it effectively mitigates the likelihood of poor-case scenarios in the system

response.

The recommendations for optimized sensitive design parameters and the favorable material param-

eters are provided in Table2. These results demonstrate that for informed decision-making for the

development of geothermal systems beneath deep mines, the suggested design parameter ranges can

significantly enhance the system’s performance. This applies in particular for geological layers where

the material properties, specifically permeability, Young’s modulus, thermal expansion coefficient, and

heat capacity, align with Table2.

4.3 Verification of the suggestions

In the preceding chapter, we determined the optimal design parameters of the system and ranges of

material parameters ranges to perform optimally. Building on this, we generate 200 new realizations

16



Figure 12: P10, P90 ranges on dataset1(before optimization) and P10, P50, P90 curves on
dataset2(after optimization): (a) stability of the drift, (b) temperature at the drift, (c) tempera-
ture at the production well.

Figure 13: Impact of sample size on DGSA result analysis: (a) stability of the drift, (b) temperature
at the drift, (c) temperature at the production well.

using the Latin hypercube sampling method to sample from the optimal parameter ranges and compare

their responses with earlier results to validate the feasibility of this approach. For every group of

responses, both prior to and following optimization, we compute the P10, P50 and P90 curves across

the entire time series, and compare the distribution ranges to validate the optimal parameter selection.

The results of post-optimization response demonstrate a significant reduction of uncertainty in the

stability of the drift, compared to the initial range. In Figure12(a), the maximum ϕ in P90 curve

is merely 22.8°, in contrast to 29.6° in the initial range, indicating a considerable improvement in

stability, and no failure occurring in any realization. Simultaneously, the cooling effect of the drift

is optimized, resulting in a more focused distribution. Within approximately 15 years, half of the

realizations attain at least a temperature reduction of 13°C. As previously mentioned, when searching

for optimal parameters in probability curves with divergent distribution trends, it is not possible to

achieve the best outcomes simultaneously for both responses. However, the optimized parameter range

effectively avoids poor scenarios where the drift either suffers damage or fails to cool down, making

the optimization highly effective.

The temperature at the production well also exhibits a highly desirable distribution. None of the

200 realizations exhibit signs of thermal breakthrough after 30 years of system operation. These

observations all suggest that the optimization of model parameters is both feasible and effective. Note

that since the optimum design parameters were selected based on the full parameter range, we expect

to avoid ”poor” behavior also for less favorable subsurface parameter combinations, although in that

case the risk would increase.
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4.4 Sample size of the DGSA

The sample size significantly influences the results of the DGSA [39, 43]. To ensure optimal results

using the smallest possible sample size, we utilized a 5-fold cross-verification technique, assessing the

DGSA results in multiple scenarios with sample sizes ranging from 400 to 2,000.

Our analysis indicates that for the stability of the drift, when the sample size reaches 600, the least

sensitive parameter, Young’s modulus, becomes sensitive. With smaller sample sizes, the influence

of Young’s modulus on the mechanical response might be neglected. Similarly, the heat capacity

appears non-sensitive for the temperature of the production well until the sample size increases to 800.

This shift further highlights the critical role of sample size in identifying key sensitive parameters.

Sensitivity of other parameters remain unchanged across all sample sizes. Furthermore, the hierarchy

of parameter sensitivity remains consistent with the outcomes observed in large samples, underscoring

the DGSA method’s effectiveness even with limited sample size. This approach proves adequate for

discerning the sensitivity of crucial parameters, as evidenced by our temperature analysis of the drift,

wherein all sensitive parameters display sensitivity from the smallest sample size evaluated.

Considering these findings, we recommend a sample size of 800 for DGSA analysis in the context of

this study, as this size not only provides faithful sensitivity evaluation for all major parameters but

also ensures the stability and reliability of the analysis outcomes in a computationally efficient manner.

5 Discussion

This study investigates the feasibility and optimized design strategies for geothermal operation in

deep mine systems. While previous research has focused on the design concept and heat production

performance of such systems, a thorough assessment of system stability remained unexplored. Nev-

ertheless, it is of considerable research importance to address the challenge of practically optimizing

the integrated system with safe mining operations, rapid drift cooling, and efficient geothermal energy

production.

Our research highlights the significant influence of design parameters and material properties on the

performance of the geothermal system; it identifies optimal system design, with especially the distance

between the geothermal system and the mine system as a critical factor. The investigation reveals the

trade-off between the stability of the drift and its cooling effect, highlighting the importance of selecting

an appropriate vertical distance to balance these factors. Previous studies have focused on the impact

of rock properties on geothermal system efficiency [62, 63], our work presents similar findings through

alternate methodologies, Permeability is considered the most critical rock property in our system. It

is noteworthy that our study encompasses a wide range of extreme scenarios. There is no correlation

between porosity and permeability in our research. However, in real-world scenarios, these parameters

can exhibit a correlated relationship, affecting the efficiency and stability of geothermal operations.

Thus, it is worth considering in more realistic geological contexts. In summary, we demonstrate

that by selecting a rational set of design parameters under appropriate geological settings, efficient

geothermal operation in deep mines can be realized. The applicability of our methods extends to

more ambitious endeavors such as enhanced geothermal systems or CO2 sequestration projects, where

reservoir stability is critically affected by the stress alterations from injection processes, raising the risk

of seismic events [64, 65, 55, 66]. Therefore, such systems should pay more attention to the evolution

of reservoir stability, and deeper projects will incur higher investment costs. The design optimization

strategy introduced here, guided by the coupled THM model analysis, and the DGSA offers valuable

insights for decision-making in such advanced applications.
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It was shown that DGSA allows the identification of optimum parameter ranges prior to performing any

costly field investigations or investments. The next logical step is to update Uncertainty Quantification

once additional data become available, being either field experiments to better characterize subsurface

parameters or early production data. In such a context, Bayesian Evidential Learning (BEL) would

constitute an effective strategy. BEL bypasses complex model inversion or data assimilation by directly

predicting target variables from data through machine learning and it genuinely complements DGSA by

sharing the same prior simulations [43]. BEL would therefore be adapted to be applied in the context

of deep mine stability, as already effectively demonstrated in previous research [41, 67, 68, 52, 69, 70].

6 Conclusions

This work investigates the potential of geothermal energy production beneath existing deep mines,

providing insights for enhancing geothermal project design. Utilizing the thermo-hydro-mechanical

geothermal model, we assess the effects of cold water injection on the geothermal system’s long-

term mechanical stability and the temperature distribution within the mine drifts. Additionally, the

Distance-based Global Sensitivity Analysis (DGSA) method is implemented to evaluate the sensitivity

of model parameters, offering direction for model optimization. The findings of our analysis are

summarized as follows:

1. Thermal stress significantly impacts the stability of drifts during cold water injection, with

poroelastic stress being predominant at the onset of geothermal operation. These stresses lead

to a decrease in stability, despite a temporary increase in stability at the base of the drift at the

initial stages of the operation.

2. The relative location of the geothermal and mining systems is crucial for achieving satisfactory

performance of the systems. Injection rate and temperature, along with rock properties such as

thermal expansion coefficient, permeability, Young’s modulus, and heat capacity, are critical in

dictating the system’s behavior.

3. The application of the DGSA method for parameter optimization proves to be effective in sig-

nificantly enhancing system performance.

4. For the DGSA analysis involving 14 parameters, a sample size of 800 is identified as optimal,

balancing comprehensive parameter sensitivity identification and computational efficiency.

This study’s insights into parameter sensitivity significantly enhance the design and optimization of

subsurface models, particularly for geothermal energy applications. Our findings could lead to safer,

more sustainable subsurface renewable energy operations.
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