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Introduction
Greenhouse gas emissions mitigation, largely due to fossil fuel based energy use, is 
a major challenge in the twenty-first century. The heating and cooling of buildings 
accounts for approximately 65% of the global energy use in buildings IEA (2023), of 
which the majority is generated by fossil fuels Cozzi et al. (2020).

Aquifer Thermal Energy Storage (ATES) systems reduce greenhouse gas emissions 
by storing excess thermal energy and using it when there is a demand Hermans et  al. 
(2018). This cycle can be repeated and is usually a seasonal cycle, storing heat during 
warm months and retrieving heat during cold months. This is graphically explained in 
Fig. 1.

In the Netherlands >3000 ATES systems have been installed. Most of these ATES 
systems store heat at a temperature of ≤25  °C Bloemendal and Hartog (2018). This 
temperature range is considered to be Low-Temperature Aquifer Thermal Energy 
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Storage (LT-ATES). When higher temperatures are used, it is called HT-ATES. Which 
are typically described to have a temperature range between 50 and 90 ◦ C Fleuchaus 
et al. (2020); Beernink et al. (2024); Heldt et al. (2024). ATES systems operating Between 
a temperature of 25 and 50 ◦ C are often called medium temperature ATES Drijver et al. 
(2019). In this research HT-ATES refers to the entire range from 25 to 90 ◦ C. Only a few 
HT-ATES systems are installed, most of them are experimental. Examples are described 
in Fleuchaus et al. (2020); Opel et al. (2017); van Loon and van der Heide (1992).

Using HT-ATES should in theory be beneficial as higher temperatures can be used in 
a wider range of applications, as well as direct use for most residential heating systems. 
Where the application of LT-ATES in space heating systems often needs a heat pump to 
increase the temperature Bloemendal and Hartog (2018) and is most efficient in newer, 
well-insulated buildings. HT-ATES, however, also suffer from practical drawbacks such 
as increased clogging, scaling and corrosion Sanner and Knoblich (1999); Holmslykke 
and Kjøller (2023). Higher injected temperature can also lead to more losses and, there-
fore, a lower Recovery Efficiency(ηr ) Drijver et  al. (2012); Beernink et  al. (2024). This 
combined with the high upfront investment costs due to the drilling of wells, makes it 
important to accurately predict the ηr of an HT-ATES system in a specific subsurface 
location.

To calculate the ηr , simulation models are used which can compute the heat losses of 
an HT-ATES system. These models solve the groundwater flow and heat transfer equa-
tions using numerical methods and need expertise from professionals to build and cor-
rectly run them.

Previous studies have focused on optimizing ATES systems Beernink et al. (2022); Dui-
jff et al. (2023), yet methods for quickly estimating HT-ATES ηr remain limited. Rapid ηr 
estimation could facilitate the early identification of suitable sites. This paper presents a 
simple and computationally efficient approach to ηr estimation, offering a practical alter-
native to complex numerical models.

Previous research has developed similar tools to predict the ηr . An analytical approach 
was coined by Tang et al. Tang and Rijnaarts (2023) that showed how the ηr can be calcu-
lated analytically. Data-driven approaches have also been proposed. Where Schout et al. 
(2014) proposed a modified Rayleigh number, which was used to calculate the ηr . They 
specified injection temperatures between 55 ◦ C and 90 ◦ C and created 16 cases. Based 
on these cases an equation was created that used the modified Rayleigh number and 

Fig. 1  Operation modes of ATES system, extracted from Bloemendal and Hartog (2018), left heating of the 
ATES system, right cooling of the ATES system, providing heat to buildings
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which captures the relation between the model input parameters and ηr . This tempera-
ture range was later extended to 90–300 °C by Sheldon et al. (2021). They focused on a 
larger amount of cases and proposed an equation for calculating ηr based on the same 
modified Rayleigh number. A recent study demonstrated that the ηr can be predicted 
based on the ratio between the Rayleigh number and Peclet number for convection-
dominated regimes. For conduction-dominated regimes, the Peclet number, in combina-
tion with the volumetric heat capacity of the aquifer, was shown to correlate with the ηr 
Gao et al. (2024). All these studies showed a method for quickly determining the ηr of an 
ATES system.

This research extends the previous research done by Schout et al. Schout et al. (2014) 
as they used a limited number of input parameter values and likely missed interactions 
between parameters due to this. By extending the number and range of parameter val-
ues, new insights are gained into more subtle effects not encountered in the previous 
study. This study also differs from the research done by Sheldon et  al Sheldon et  al. 
(2021). The used injection temperatures in this research are lower (25–80◦ C instead of 
90–300◦C), leading to less pronounced buoyancy flow. Furthermore, compared to their 
study, wider ranges of parameter values for some parameters are used. Compared to Gao 
et al. Gao et al. (2024) we use a larger number of parameters, where they only differed 
three parameters (aquifer permeability, flow rate and thermal conductivity of the cap 
rock), this work looks into the effects of seven different parameters. A refined version 
of the Rayleigh equation used by Schout et al. Schout et al. (2014) is proposed and ana-
lyzed. This equation is simple to use and transparent in how the efficiency is calculated, 
offering an alternative to the numerical models

In addition, this research introduces, explains, and analyzes the concept of Energetic 
Efficiency ( ηe ) for an HT-ATES system. The ηe quantifies the useful energy delivered by 
the HT-ATES to a heating system, offering a more direct and practical measure of the 
efficiency of HT-ATES implementation. This metric is particularly significant for evalu-
ating HT-ATES performance within heating systems because it assesses the actual por-
tion of extracted heat that can be effectively utilized for heating purposes. In contrast, 
the ηr overlooks the interaction with the heating system, making the ηe a more applica-
ble efficiency measure within heating systems. To the authors’ knowledge, this param-
eter has not been explicitly discussed in prior literature. Only one study Daniilidis et al. 
(2022) has touched upon the ηe , exploring its impact on the techno-economic perfor-
mance of an HT-ATES. In this work, we expand the knowledge by examining the rela-
tionship between ηr and ηe and presenting a formula to relate the two. To the authors’ 
knowledge, this relationship, along with its validation, has not been previously published 
in the literature.

The objective of this paper is twofold. First, to develop a method for estimating the ηr , and 
second, to introduce, test, and analyze a relationship between ηr and ηe . Both objectives are 
achieved by running HT-ATES simulations using a Design of Experiments (DoE) approach 
over a broad yet representative range of subsurface and operational parameter values. This 
approach generates data on the variation in ηr and ηe . Using this data set, we evaluate the 
influence of each parameter on ηr and derive an equation based on the modified Rayleigh 
number, linking storage condition parameters to the expected ηr value. In addition, we test 
and validate the relationship between ηr and ηe , demonstrating its accuracy. These methods 
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enable the seamless integration of HT-ATES models into larger energy system models, 
thanks to their computational efficiency and simplicity.

Method
Definition ηr and ηe
The ηr is defined as the ratio of extracted heat to injected heat compared to the ground 
temperature and this factor is very important for the feasibility of an HT-ATES system. The 
equation for ηr is adapted from Bloemendal et al. Bloemendal and Hartog (2018) assuming 
that the volume injected into the aquifer is the same as the volume extracted, which allows 
for unambiguous comparison of ηr values.

(see the nomenclature for the units used in the equations). The ηr shows the percent-
age of heat that is extracted compared to the injected heat. Note that in this study ηr 
only includes the subsurface losses, any other losses related to heat transport inside the 
wells or on the surface facilities are not included. The ηr changes over time, and generally 
increases during the first few years of operation until it stabilises. This research focuses 
on the stabilised ηr usually occurring after circa 8 years of operation.

An alternative approach to defining the efficiency of HT-ATES is by calculating the use-
ful heat it delivers compared to the cutoff temperature. In district heating systems, heat is 
supplied to consumers at a certain temperature and returned at a lower temperature. The 
difference between the supply and return temperatures determines the amount of heat 
delivered. The return temperature, also known as the cutoff temperature, serves as the 
threshold, only temperatures above this threshold are considered useful for heating. Com-
pared to the ηr , the ηe shows a direct measure of the efficiency within a heating system, 
where the ηr only shows the efficiency of the heating and cooling of the aquifer. The ηe is 
defined as:

This equation shows the percentage of useful heat extracted compared to the injected 
useful heat. Again this research focuses on the ηe of the eighth year, similar to the ηr The 
relation between ηr and ηe is illustrated in Fig. 2. Assuming Ve = Vi , the ηr and ηe have 
the following relation:

This equation is a simple analytical equation to quickly determine the ηe . However, the 
assumption that Ve = Vi is not always correct, as extraction ceases when the extracted 
temperature ( Te ) reaches the cutoff temperature ( Tc ), which also suggests that Eq.  3 
may not always be correct. To examine when the equation is correct and when it is not, 
we compare ηe values calculated via Eq.  3, called ηf  (f stands for formula) with actual 
ηe values from the dataset, stopping extraction at Te = Tc , called ηd (d stands for data). 

(1)ηr =
Eout

Ein
=

Ve�Te

Vi�Ti
=

Te − Tg

Ti − Tg

(2)ηe =
Eout

Ein
=

Ve�Te

Vi�Ti
=

Ve(Te − Tc)

Vi(Ti − Tc)

(3)ηe = ηr ∗
Ti − Tg

Ti − Tc
+

Tg − Tc

Ti − Tc
.
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Note that this calculation of ηd is an ex-post analysis after the model run as explained in 
"Model setup" section had been finished. ηd was calculated by using the extracted tem-
perature profile from the model run. With this temperature profile the area C as defined 
in Fig. 2 is calculated and divided by the area A also defined in the same figure. Note 
that, in the MODFLOW model the well did not stop extracting when Te = Tc ; therefore, 
the heat in the aquifer is depleted more than when extraction stops at Te = Tc . This leads 
to decreased ηe values, compared to when extraction would stop at Te = Tc.

Two cases are considered. Both cases have a different cutoff temperature, one cutoff 
temperature is defined as 20◦ C lower than the injected temperature ( �Tc = 20 ) and the 
other as �Tc = 30 . These cases were chosen as HT-ATES is most feasible within a dis-
trict heating grid and for these grids, the mentioned cutoff temperature differences are 
common Naber and Dehens (2022). Where smaller �Tc are more common in district 
heating systems with low operating temperatures and larger �Tc are more common in 
district heating systems with higher operating temperatures. For both cases, the ηe cal-
culated using Eq. 3 is compared with the ηe calculated when the extraction stops when 
Te = Tc , which is obtained from the data.

Important parameters for ηr
The value of ηr is dependent on the amount of recoverable heat from the subsurface 
and, therefore, dependent on heat losses to the subsurface. Heat losses can be attributed 
to heat conduction and heat convection, which will displace the heat so it can not be 
extracted Collignon et al. (2020). The conduction is proportional to the surface area-to-
volume ratio Doughty et al. (1982), defined as:

here ηr increases when Vi increases. From this equation, it can be seen that impor-
tant parameters for heat loss are likely the porosity, injected volume and thickness of 
the aquifer. Convection is shown to be dependent on horizontal and vertical hydrau-
lic conductivity, aquifer thickness and injected fluid temperature Doughty et al. (1982); 

(4)
A

Vi
=

2

rth
+

2

H
, where rth =

√

cwVi

caqπH
,

Fig. 2  Temperature of hot HT-ATES well. The ηr = C+D

A+B
 , while the ηe = C

A
 . B is not used in the ηe equation, 

which implies that the cold well of the system has a 100% efficiency (both ηe and ηr ). This simplification is 
made as the primary focus of this research is focused on the hot well of the HT-ATES
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Buscheck (1984); van Lopik et al. (2016). Conductive heat losses are dependent on the 
heat difference between the source and the surrounding, which in this case is the dif-
ference between the injected temperature and the ambient groundwater temperature. 
Therefore, the ambient groundwater temperature is also an important parameter.

The seven mentioned parameters and their effect on ηr are analysed in this research. 
A list of the parameters and the value range used for each parameter can be found in 
Table 4 with the respective references. This table is further explained in "Data genera-
tion" section. Anisotropy inside the aquifer is defined as

Model setup

The model adopted by this research was developed in Bloemendal et al. Bloemendal and 
Hartog (2018). The software used is MODFLOW and SEAWATv4 coupled to a transport 
code MT3DMS. This model uses the finite difference method to solve the groundwa-
ter flow and heat transfer equations and has been used Bloemendal and Hartog (2018); 
Beernink et al. (2022); Todorov et al. (2020) and verified Visser et al. (2015); Mindel et al. 
(2021) in previous studies. To minimize run time an axisymmetric grid was used, which 
was shown to be able to correctly simulate an ATES system when there is radial sym-
metry, which is the case here Langevin (2008). With this approach, the results of the 2D 
model can be directly interpreted as equivalent to those of a 3D model, given the sym-
metry assumptions.

The model consists of 3 homogeneous layers, an aquifer layer of varying thickness, 
confined by two 30 m thick clay layers. All layers are set to have the ambient ground-
water temperature at the beginning. The spatial discretization was 1  m in the vertical 
direction for the entire model domain. In the horizontal direction discretization was 1 m 
close to the well and from 200 to 2000 m away from the well, the cell size increased lin-
early until a cell size of 100 m is obtained at the boundary of the model, which is 2000 m 
away from the well. The boundaries are a constant head and constant temperature 
boundary, which also applies to the top and bottom edge of the model. A grid sensitiv-
ity was performed (see Sect. Appendix A) with varying grid cells size, until ηr varied less 
than 1% compared to smaller resolutions, this grid is visualized in Fig. 3. Any heat losses 
outside this aquifer domain are neglected in this study, e.g. transport losses.

One fully penetrating well is used that was located in the grid at x = 0. A typical 
HT-ATES system includes two wells; when spaced far enough apart, well interactions 
become negligible, allowing a single-well model to adequately capture the HT-ATES 
system’s response. The well was assigned an injection and extraction pattern, which is a 
sinusoidal pattern, representing the seasonality of heat demand and supply. This pattern 
was 26 weeks of injecting followed by 26 weeks of extracting.

Temporal discretization of a week was used. The Courant condition is set to 0.8 in 
MT3DMS. MT3DMS automatically reduces time step to meet this condition, which is 
sufficiently small to capture important processes around the well Bloemendal and Har-
tog (2018); Duijff et  al. (2023). The simulation period was eight years, after which the 
operation and ηr of the HT-ATES stabilized Beernink et al. (2024); Sheldon et al. (2021). 
Other parameters used in MODFLOW can be found in Table 1.

(5)a = kh/kv
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Model verification

The created model was verified with previously published results. Multiple studies 
have used MODFLOW to simulate an ATES system and have proven that the simula-
tor is accurate for such models Visser et al. (2015); Bonte et al. (2013); van der Roest 
et al. (2021); Bloemendal and Hartog (2018). They also pointed out that real cases are 
often more complicated than the simulation and discrepancies between the software 
and reality exist due to this complexity.

MODFLOW/SEAWAT and MT3DMS are shown to be comparable in capabili-
ties and results with MOOSE, MARTHE and Nexus-CSMP++ Mindel et  al. (2021). 
The model used in this research is nonetheless compared with earlier research from 
Sheldon et al. (2021) to check whether the results of the model in terms of ηr are in 
line with their results. While exact alignment between models is not expected due 
to potential differences in simulation setups (such as solver conditions or grid dis-
cretization), significant discrepancies would suggest potential modeling errors. This 
verification step helps identify any inconsistencies.

Eight scenarios were created to facilitate the comparison. These scenarios are based 
on the values of Vi , H, kh and a as was done in Sheldon et al. (2021). The values used 
in the scenarios can be found in Table 2. The scenarios exclude changes in Ti , because 
the lowest value used in Sheldon et  al. (2021) was already higher than the highest 
value in this research, and therefore, this lowest value was chosen, which was 90◦ C. 
Values for Tg and n were set in line with Sheldon et al. Sheldon et al. (2021) and shown 
in Table 3.

Fig. 3  Example of grid discretization used for an aquifer thickness of 20 m, where the well is located at x = 0. 
Only the first 30 ms are shown horizontally, this discretization is used until 200 ms away from the well

Table 1  Parameters used in the simulations

Parameter Value Unit

Density solids 2640 kg m -3

Specific heat capacity solids 710 J kg-1 K -1

Specific heat capacity fluids 4183 J kg-1 K -1

Well radius 0.3 m

Aquitards horizontal permeability 0.05 m day-1

Aquitards vertical permeability 0.01 m day-1
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Data generation

The data were generated running simulations as described in "Model setup" section  and 
consisted of two parts. The first part is a full factorial design, according to the DoE the-
ory Antony (2023). This design has the advantage that the complete parameter space is 
explored and every possible combination of values listed in Table 4 was modeled and the 
corresponding ηr was calculated. The DoE design was supplemented by using the mean 
values of all input parameters. These mean values were also combined with all possible 
other values. Two exceptions that did not use the mean were (1) ground temperature, 
which is expected to only influence ηr based on the difference with injected tempera-
ture (see "Important parameters for ηr" section). (2) For injected volume, the logarithmic 
mean was used due to the fact that the diameter of the thermal plume of the warm well 
increases logarithmically and losses are shown to be dependent on the size of the ther-
mal plume Bloemendal and Hartog (2018).

Table 2  Scenarios for comparing the models

The name refers to the parameters that are changed compared to the base case. The superscript refers to the direction of 
the change: heightened (h) or lowered (l)

Name Vi H kh a

Base 1E5 60 1 10

V l 5E4 60 1 10

Vh 2E5 60 1 10

kh 1E5 60 10 10

Hl 1E5 20 1 10

ah 1E5 60 1 100

V lkhHl 5E4 20 10 10

VhkhahHl 2E5 20 10 100

Table 3  Parameters used in model verification that are different between "Model setup", "Data 
generation" and "Model verification" sections

Parameter Value Unit

Porosity 0.25 –

Ground temperature 28 ◦C

Table 4  Parameter ranges for simulations using a full factorial DoE. A total of 3418 forward 
simulations were run, of which 1458 with the DoE design and 1960 with the random design

a  Definition temperature range of LT and HT-ATES
b  Common temperature at depths <500 m (depth that is outside of dutch mining regulation)

Parameter Used values Unit Source

Porosity 0.1, 0.2, 0.3 -  Cherry and Freeze (1979)

Injected volume 104 , 105 , 106 m3  Bloemendal and Hartog (2018)

Injected temperature 25, 52.5, 80 ◦C  Bloemendal and Hartog (2018); Birdsell et al. (2021)a

Ambient ground temperature 10, 30 ◦C  Bloemendal and Hartog (2018); Rijksoverheid (2023) 
b

Horizontal hydraulic conductivity 1, 43, 85 m day-1  Sheldon et al. (2021); Cherry and Freeze (1979)

Anisotropy (see Eq. 5) 1, 50, 100 –  Cherry and Freeze (1979)

Aquifer thickness 20, 62, 105 m  Bloemendal and Hartog (2018)
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The second part of the data generation was based on a completely randomized 
design, where each parameter was randomized between its minimum and maxi-
mum value. This was done to better capture any non-linearity in the relationship 
between the inputs and the ηr values. 1458 forward simulations were run using the 
DoE design and 1960 forward simulations were run using the randomized design.

As the focus of this research is the ηr value of the hot well, the data points corre-
sponding to a smaller injection temperature than the ambient ground temperature 
were removed. One example is the combination of an injected temperature of 25 ◦ C 
and an ambient ground temperature of 30 ◦ C (shown in Table 4).

ηr determination

First, a Distant-based Global Sensitivity Analysis (DGSA) Fenwick et al. (2014) was 
performed to determine whether the variation in each individual parameter signifi-
cantly affects the ηr value. For this analysis, the data was divided into three clusters: 
one containing high ηr values, one with average ηr values, and one with low ηr val-
ues. This clustering was achieved by solving the k-medoids problem Fenwick et al. 
(2014). The parameter values associated with the three clusters were then compared 
to parameter values obtained through random sampling of the dataset, with the 
sampled clusters matching the size of the original three clusters. A parameter was 
considered significant if the difference in parameter values between the two clusters 
of the same size exceeded 1. Essentially showing whether changing a certain param-
eter, significantly changes the ηr . This DGSA analysis was used to identify param-
eters that do not significantly contribute to the variability in ηr , allowing them to 
be excluded from further analysis. This analysis was carried out using the pyDGSA 
package, using 3 clusters and 3000 boots Perzan et al. (2021).

Second, the ηr value was estimated by creating an equation which equates the rel-
evant parameters with the ηr value. This equation is simple to use compared to other 
methods that estimate a single number, such as machine learning. The modified 
Rayleigh number (Ra*) was used as proposed by Schout et al. (2014), who used the 
following formula:

Where A and B were originally functions of aquifer thickness and Ra* is obtained from 
Schout et al. (2014) and is

Both ρ and µ are evaluated at the average water temperature defined as (Ti + Tg )/2 . 
This research extends the curve fitting done in Schout et  al. (2014) by using a wider 
range of operating and subsurface conditions. A new curve is fitted using the Leven-
berg–Marquardt algorithm Ranganathan (2004), as implemented in the scipy.optimize 
library Virtanen et al. (2020).

(6)ηr = AeBRa*.

(7)Ra* =
αf ρgH

2ca
√

khkv�T

µ�aRth
.
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Results
Model verification and comparison of results between one and two‑wells model

The results of the eight scenarios are shown in Fig. 4. As can be seen 7 of the 8 sce-
narios differ by a maximum of 1%. Only one scenario differs by 2%. The observed 
differences can be caused by simulator setup differences and grid discretization, for 
example, Sheldon et  al. Sheldon et  al. (2021) used a triangular grid structure that 
could not be replicated. Nonetheless, both simulators exhibit consistent trends in ηr 
with changing parameters, indicating similar parameter interactions and confirm-
ing comparable outcomes across both simulators. When the models would be set up 
exactly the same, the results would align even better Mindel et  al. (2021); however, 
this was not the objective of this verification.

Factorial design results

Table 5 presents the data created with the full factorial design. The table shows the ηr 
value for each of the used parameter values. This table can be used to look up ηr when 
the values of the parameters are close to the used values in the simulations. ηr values 
range from 1% to 92%, with 70% of data points being larger than 50% and 33% being 
larger than 80%. A general trend is that the ηr value is higher with higher injected 
volume, which is in line with previous research Beernink et al. (2019). Another obser-
vation is that low anisotropy coupled with high kh values leads to a low ηr , due to 
increased buoyancy flow. This effect is most prominent with high aquifer thickness 
due to the increased space for buoyancy flow to manifest. The highest ηr values are 
observed at large thickness with large injected volume and low horizontal hydraulic 
conductivity (having ηr values between 88%-92%).

Compared to the randomized data points, the ηr values of the DoE design are more 
extreme. For example the smallest ηr achieved with the randomized data points is 
20%, compared to 1% of the DoE data points. The randomized data points also have a 
higher average ηr which was 82% compared to 68% for the DoE data points.

Fig. 4  Comparison with Sheldon et al. Sheldon et al. (2021). ηr values were rounded to two significant 
numbers
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Distant‑based global sensitivity analysis

The DGSA shows that all of the sensitivity indices are significantly larger than one, 
which supports the statement that all of these parameters do influence the variance in 
ηr (Fig. 5). None of the parameters can be excluded based on the DGSA. What can also 
be seen is that four parameters should be able to explain large part of the variance in ηr , 
namely injected volume, injected temperature, anisotropy and horizontal hydraulic con-
ductivity. In contrast the three remaining parameters might not be able to explain a lot 
of variance, which are ground temperature, porosity and aquifer thickness.

Curve fitting

A formula was fitted to the data (see Eq. 6). In Schout et al. Schout et al. (2014) the A 
and B terms were functions of aquifer thickness. To check the validity of only using 

Table 5  ηr (in %) at year eight of the simulation for each design of experiment data point

H 20 62 105

kh 1 43 85 1 43 85 1 43 85

a 1 50 100 1 50 100 1 50 100 1 50 100 1 50 100 1 50 100 1 50 100 1 50 100 1 50 100

Vi n Ti Tg

1e4

0.1

25 10 63 63 63 56 63 63 48 62 63 62 62 62 48 62 62 35 62 62 57 57 57 47 57 57 38 60 57

52
10 63 63 63 29 58 61 23 49 57 61 62 62 14 60 62 9 56 60 56 57 57 15 56 57 9 54 56

30 63 63 63 36 61 62 27 58 61 62 62 62 20 62 62 12 60 62 57 56 57 24 57 57 14 56 57

80
10 60 63 63 19 40 51 14 27 38 55 62 62 7 50 57 5 39 50 52 57 57 7 51 55 4 44 51

30 62 63 63 41 49 57 16 35 47 59 63 63 8 56 60 5 47 56 55 68 57 8 54 56 1 50 54

0.2

25 10 70 70 70 62 69 69 53 69 69 65 65 65 51 65 65 38 65 65 59 59 59 50 59 59 41 59 59

52
10 69 70 70 32 64 67 24 54 63 64 65 65 15 63 65 9 59 63 59 59 59 17 58 59 10 56 58

30 70 70 70 40 68 69 30 63 67 65 65 65 22 64 65 13 63 65 59 59 59 26 59 59 15 58 59

80
10 67 68 70 21 44 55 15 30 42 58 65 65 8 53 60 5 42 53 55 59 59 7 54 57 4 47 54

30 68 70 70 23 53 62 17 39 52 62 66 66 9 59 63 6 50 59 57 59 59 9 56 58 5 52 56

0.3

25 10 73 73 73 65 73 73 55 73 73 67 67 67 53 67 67 40 67 67 61 61 61 52 61 61 43 61 61

52
10 73 73 73 33 67 71 25 57 66 66 67 67 16 65 67 10 61 65 60 61 61 18 60 60 11 58 60

30 73 73 73 41 71 72 31 66 71 67 67 67 24 67 67 14 65 67 61 61 61 28 61 61 17 60 61

80
10 70 73 73 21 46 58 16 31 44 60 67 67 8 55 62 5 44 55 57 61 61 8 55 56 4 49 55

30 72 73 73 24 56 65 18 41 54 63 67 67 9 61 65 6 53 61 59 61 61 10 58 60 6 54 58

1e5

0.1

25 10 77 77 77 76 75 77 74 76 76 83 83 83 70 85 83 58 83 83 82 82 82 67 82 82 53 82 82

52
10 77 77 77 63 73 75 54 66 71 82 83 83 30 78 81 21 71 78 81 82 82 21 79 82 13 75 80

30 77 77 77 69 75 76 62 72 75 81 83 83 40 82 83 27 78 81 82 82 82 32 82 82 19 80 82

80
10 77 77 77 48 58 65 38 45 52 77 83 83 17 60 71 12 41 59 74 82 83 10 68 76 7 53 67

30 77 77 77 53 65 70 42 53 61 80 83 83 20 70 78 14 56 70 77 83 83 13 75 80 8 65 74

0.2

25 10 82 82 82 81 82 82 79 82 82 85 85 85 72 85 85 59 85 85 84 84 84 69 84 84 55 84 84

52
10 82 82 82 68 78 80 58 70 75 84 85 85 31 80 83 22 73 80 83 84 82 22 81 83 14 77 81

30 82 82 82 74 80 81 68 77 80 85 85 85 41 84 85 28 80 83 83 84 84 35 83 84 20 81 83

80
10 82 82 83 51 62 69 41 48 56 79 85 85 18 63 74 13 45 62 76 84 84 11 70 78 7 57 70

30 82 83 83 56 69 75 45 57 65 82 85 85 21 73 80 15 59 72 80 84 84 13 76 81 9 67 76

0.3

25 10 85 85 85 83 88 86 81 84 84 92 86 86 73 86 86 60 86 86 84 84 84 72 84 84 58 84 84

52
10 85 85 85 69 80 82 59 72 78 85 86 86 31 82 84 22 75 81 83 84 84 23 82 84 14 78 82

30 85 85 85 76 83 84 67 79 82 86 86 86 42 85 86 29 82 84 84 84 84 36 84 84 21 82 84

80
10 84 85 85 52 64 71 42 50 58 80 86 86 18 65 76 13 48 65 77 84 86 11 72 79 8 59 71

30 85 85 85 58 71 77 46 59 67 83 86 86 21 74 81 15 62 74 81 85 85 14 78 82 9 69 77

1e6

0.1

25 10 82 82 82 81 81 81 81 81 81 89 90 90 87 90 90 83 89 90 91 91 91 84 90 91 76 91 91

52
10 82 82 82 79 80 81 77 79 79 89 90 90 69 85 88 57 79 84 90 91 91 50 87 90 37 82 87

30 82 82 82 80 81 81 79 80 80 89 90 90 76 88 89 65 85 88 90 89 91 61 90 91 46 87 90

80
10 83 83 83 74 77 78 69 71 73 89 90 90 51 70 79 39 54 66 88 91 91 31 74 82 22 57 72

30 83 83 83 77 79 79 72 75 76 89 90 90 55 78 84 42 65 76 89 91 91 35 81 87 25 70 81

0.2

25 10 87 87 87 86 86 86 85 86 86 91 91 91 88 91 91 85 91 91 88 92 92 85 92 92 77 91 92

52
10 87 87 87 84 88 85 82 83 84 91 91 91 70 87 90 57 81 86 91 92 92 50 88 91 37 83 88

30 87 87 87 85 86 86 84 85 85 91 91 88 77 90 91 66 87 90 91 92 92 62 91 91 47 89 91

80
10 87 87 87 79 81 82 73 75 77 90 91 91 51 72 81 39 55 69 89 92 92 31 76 84 22 60 75

30 87 87 87 81 83 84 77 79 80 91 91 91 56 80 86 43 68 78 90 92 92 35 83 88 25 73 82

0.3

25 10 89 89 89 88 88 88 88 88 88 92 92 92 89 92 92 85 90 92 92 92 92 85 90 92 77 92 92

52
10 89 89 89 86 87 88 84 85 86 92 92 88 70 88 90 56 82 87 91 92 92 51 89 91 37 85 89

30 89 89 88 87 88 88 84 87 88 92 92 92 78 90 92 37 88 90 92 92 92 63 91 92 47 89 91

80
10 89 89 89 81 83 84 75 77 80 91 92 92 51 74 82 39 58 71 89 92 92 27 90 85 22 65 77

30 89 89 89 83 85 86 79 81 83 91 92 92 56 81 87 43 70 80 91 92 92 35 84 88 25 75 84

The green color refers to higher ηr values, where the red color refers to lower ηr values
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aquifer thickness, the A and B terms were tested as a function of every individual 
parameter. Of all parameters, only the aquifer thickness and injected volume signifi-
cantly increased the R2 compared to when A and B are single numbers and not func-
tions of any parameter. In the case of A and B being individual numbers, the R2 is 
0.55 and A and B term values are 0.77 and −1.0e− 4 respectively. The resulting fitting 
for thickness and volume can be found in Fig. 6a and b respectively. Both individual 
parameters have a relatively low R2 compared to Schout et  al. Schout et  al. (2014) 
who found an average R2 of 94%. Therefore, injected volume and aquifer thickness are 
combined in one formula, which increases R2 to 0.85 and coefficients are as follows:

The fitting of this formula is shown in Fig. 6c. As observed, including both the injected 
volume and aquifer thickness enhances the formula’s accuracy. This result appears to 
contrast with the findings of the DGSA, where aquifer thickness has the lowest sensitiv-
ity index. However, it is important to note that the DGSA provides a general analysis and 
using the modified Rayleigh number is a specific approach to predicting ηr . When using 
the modified Rayleigh number, a significant portion of the correlation between input 
parameters and ηr is already accounted for. The only effects not fully captured by the 
modified Rayleigh number are those of the injected volume and aquifer thickness.

The R2 in this study is 9 percentage points lower than that found by Schout et  al. 
Schout et al. (2014) (from on average 94–85%), which can be attributed to the broader 
parameter range and larger dataset used here. This expanded range captures more com-
plex interactions between parameters, indicating that the formula is accurate only within 
the narrower parameter limits they selected.

Compared to Sheldon et al. Sheldon et al. (2021) the R2 in this study is lower by 3 
percentage point (from 88 to 85%). However, they only use aquifer thickness in their 
formula. This difference is due to the chosen range in aquifer thickness. The smaller 
aquifer thicknesses used in their work, were shown to be completely explained by 
the Ra* coupled to the thickness leading to a very high R2 . These aquifer thicknesses 

(8)
ηr =(0.406−

2.02e3

V
)eRa*(

2.46
V -2.62e-4)+

(0.500−
1.37

V
)eRa*(

-3.92e-2
V -3.25e-4)

Fig. 5  Results of the DGSA with their uncertainty. A value below 1 means that the parameters does not 
significantly impact the ηr
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Fig. 6  Results of curve fitting
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were not included in this research leading to a lower R2 and the need to also include 
injected volume in the fitted formula. Furthermore a wider range of injected volume 
was used in this study. Which might increase the effect that injected volume has on ηr
.

The predictive capacity of the formula was also tested using the RootMean Square 
Error (RMSE) Hodson (2022). With Eq.  8, the RMSE is reduced by 1.7 percentage 
points compared to only using the thickness in the fitting formula (Fig.  7). When 
thickness alone is used, the formula imposes a limit on ηr at 0.836 (Fig.  7b), while 
many data points exceed this value, reducing accuracy for higher ηr values. However, 
Eq. 8 resolves this problem, improving accuracy at higher ηr values. This shows that 

Fig. 7  Error in the different curve fitting
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incorporating injected volume into the formula enhances for both R2 and RMSE and 
is important for calculating the ηr.

Difference ηr and ηe
Equation 3 can be used to calculate ηe from ηr . This part of the results explores when the 
equation is accurate and when it is not.

As shown in Fig. 8a, with �Tc = 20◦ C (Reminder, �Tc = Ti − Tc ), Eq. 3 is more accu-
rate for higher ηf  values. Specifically, when ηf  ≥ 0.6, the estimation error is less than 1% 
and the error tends to increase as ηf  decreases. Where error is defined as | ηf − ηd | and 
all values of ηf  below zero are set to zero. This increasing error is because with a lower 
estimated ηf  the chance that the extracted temperature reaches the cutoff temperature is 
larger. When that happens the assumption that Ve = Vi is not valid and ηf  starts to dif-
fer from ηd . This is more often the case at low ηf  values, but not always and some points 
with low ηf  have a error below 1 percentage point.

The injected temperature correlates most strongly with the error in ηf  , while the other 
input parameters correlate only weakly with the error in ηf  (Fig. 9). With larger injected 
temperature the errors increase on average, but even at an injected temperature of 
80◦ C 33% of data points have an error below 1 percentage point and 62% have an error 
below 5%. However, as mentioned, district heating systems operating at higher tempera-
tures typically operate at a larger �Tc Naber and Dehens (2022). The cutoff tempera-
ture significantly influences the accuracy of Eq. 3 (Fig. 8). When the cutoff temperature 

Fig. 8  ηf  and ηd values for the data points considering different cutoff temperatures. Negative values occur 
of ηf  occur when Te  is smaller than Tc in Eq. 2

Fig. 9  Error of the formula plotted against the injected temperature with �Tc = 20, the increased number of 
data points at Ti = 80 & 52 are due to the DoE design using only these values
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decreases, �Tc increases, increasing the likelihood that Vi = Ve since the probability of 
Tc ≥ Te increases with a larger �Tc.

When the �Tc is 30 the differences between ηf  and ηd becomes smaller and Eq. 3 is 
more accurate (Fig.  8b). The error is smaller than 1% for all ηf  values above 0.5. HT-
ATES systems with a ηe below 50% are likely less economically attractive.

Discussion
This research shows a method for quickly determining the ηr of an HT-ATES system. 
Furthermore it shows an analytical relation between the ηr and ηe and tests the accuracy 
of the relationship. This allows for quick identification of suitable locations for HT-ATES 
by first determining the ηr using Eq. 8 and then converting this ηr to the ηe , which shows 
the potential contribution of HT-ATES to a heating system. This method also facilitates 
integration of HT-ATES systems into larger energy system simulations without the com-
putational burden of a detailed physics-based model.

This research also identified and tested an analytical relationship between ηr and ηe 
(Eq.  3) and found that this relationship is most accurate for high calculated ηe values. 
However, several factors may affect this accuracy. First, the model assumes 100% effi-
ciency for the cold well, which is unrealistic; in practice, the cold well’s ηr would likely 
resemble that of the hot well, leading to a lower calculated ηe . Second, the model assumes 
a fixed cutoff temperature, though in reality, this threshold can vary with external condi-
tions. In addition, cutoff temperatures are dependent on insulation among other factors. 
These factors are subject to change, increasing or decreasing the cutoff temperature, and 
therefore, the ηe of the HT-ATES. Lastly, the ηe is calculated for data points that keep a 
volume balance at all times. In practice, when Te = Tc , extraction would stop, leaving 
more heat in the subsurface, possibly increasing the ηe in subsequent years. Preliminary 
test suggest that this effect is minor (<2%), but future research can explore this further.

This method also has limits as the prediction of ηr can not explain all the variability in 
the ηr . Other methods are possible that can predict the ηr , examples are machine learn-
ing Sheldon et  al. (2021); Geerts et  al. (2025), or linear interpolation from the data in 
Table  5. These methods are likely to be more accurate Zielesny (2011); however, they 
lack the insight that the formula in Eq. 8 offers, which showed that volume and thickness 
coupled to the modified Rayleigh number are the most important parameters affecting 
the ηr . This formulation shows analytically what parameters should change and how to 
increase the ηr . The proposed method was chosen due to its transparency of calculation 
method and simplicity, which comes at the cost of accuracy. Another approach would be 
to use the Peclet number, which was proposed in Gao et al. (2024) and would be an alter-
native approach for future research. Another limitation is that the equation still requires 
detailed information on the subsurface, which has to be measured or estimated before 
this equation can be used.

To make a feasibility assessment for an HT-ATES installation, there are other consid-
erations that need to be taken into account to be able to use the results of this research 
appropriately. These considerations can be divided into four types: 

1.	 Other subsurface conditions not studied in this work might need investigation. First, 
other nearby wells or boreholes can positively or negatively affect the ηr of the HT-
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ATES system, e.g. nearby ATES systems or BTES systems. In Duijff et al. Duijff et al. 
(2023) it was determined that the mutual interaction effect of ATES can be mini-
mized by placing them far apart. However, this spacing is often not possible due to 
practical constraints such as the piping and other underground activities Çomaklı 
et al. (2004). Consequently the HT-ATES wells are placed closer together and they 
might interact with each other, influencing the ηr . Second, is the ambient groundwa-
ter flow, that can affect the ηr . Bloemendal et  al. Bloemendal and Hartog (2018) 
showed that change in ηr related to ambient groundwater flow in the aquifer can be 
written in relation to rth/u . They also showed that when groundwater flow is higher, 

the ratio 
L

rth
 should be below 1, where L is the injection screen length. Another study 

showed that the ambient groundwater flow can be advantageous if well design is 
adapted, which was coined to be a unidirectional ATES Silvestri et al. (2025). Lastly, 
the aquifer was assumed to be homogeneous, despite the expectation of heterogene-
ity in real-world aquifers Visser et al. (2015). Aquifer heterogeneity is highly site-spe-
cific, and its effect on the ηr depends on the type and extent of heterogeneity present. 
Previous studies have shown that heterogeneity influences both the ηr and the ther-
mal distribution of the hot plume Visser et  al. (2015); Sommer et  al. (2013). The 
impact of heterogeneity on ηr can vary significantly; for instance, Visser et al. Visser 
et  al. (2015) reported a reduction in ηr due to heterogeneity in their specific case 
study. However, due to the site-specific nature of these effects, heterogeneity was not 
considered in this work.

2.	 System-level considerations such as the availability of heat demand and proximity to 
heat transport infrastructure is crucial to be able to use the stored heat efficiently and 
minimize transport losses, which were found to be between 5-35% and should be 
taken into account Werner (2017).

3.	 Regulations have to be taken into account in the decision-making. Examples are that 
some areas or aquifers are protected due to drinking water extraction Stemmle et al. 
(2022) or restrictive use of the subsurface area Bloemendal et al. (2018).

4.	 Lastly the economic feasibility of the HT-ATES system depends on factors such as 
price of heat used for charging and the price of the stored heat, cost of drilling, the 
optional installation of an heat pump and possible subsidy schemes for HT-ATES 
Daniilidis et al. (2022). Previous research has shown that ηr alone is not a sufficient 
predictor for good economic performance Daniilidis et  al. (2022); Beernink et  al. 
(2022) and that a minimum transmissivity and system capacity is required to make 
HT-ATES competitive with other storage options Daniilidis et al. (2022).

All these consideration are important for the successful installation and operation of an 
HT-ATES system.

Conclusion
In this research a method was developed to estimate the ηr value of an HT-ATES system 
for temperatures in the range of 25-80 ◦ C. First, a numerical model was built to repre-
sent the subsurface part of an HT-ATES system. The model was validated with Sheldon 
et al. (2021) and the models show comparable ηr values.
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The model was then run repeatedly for a wide range of relevant subsurface and design 
parameters to generate data on the relationship between these input parameters and the 
ηr values. Based on this data, an equation was fitted to the data using the modified Ray-
leigh number. This equation achieved an R2 of 85% and offers robust predictive capabil-
ity for ηr within the tested parameter range (Eq. 8). In addition, Table 5 was presented 
from which the ηr can be read when the parameters are known. This table has the exact 
simulation outcomes. Both the equation and the table can be used to identify suitable 
HT-ATES sites, after which more detailed modelling might still be necessary depending 
on the location’s unique situation.

An analytical relation between the ηe and ηr was developed and tested (Eq. 3). It was 
shown that the used relation is accurate for those data points where the calculated ηe is 
larger than 50% when the difference between injected temperature and cutoff tempera-
ture is 30◦ C. Using a difference of 20◦ C this threshold is 60%. Below these thresholds, 
the ηe estimate may be less precise but can still offer a useful indication for feasibility 
assessment. HT-ATES systems with ηe values below this threshold are likely not feasi-
ble from an economic perspective and further investigation for these cases would be 
needed.

With this research first the ηr can be estimated using the proposed formula (Eq.  8) 
after which the ηe can be calculated using Eq. 3. Coupling these two equations shows the 
efficiency of an HT-ATES within an heating system. By coupling the two equations, suit-
able HT-ATES sites can be quickly identified and the usefulness of the HT-ATES within 
a heating system can be calculated.

Appendix
Grid sensitivity

This section presents the grid sensitivity analysis performed to evaluate the impact of 
grid block size on the calculated ηr . For 10 randomly selected points in the DoE design 
the difference in ηr was calculated between different grid block sizes. The following grid 
block sizes were used: 

1.	 0.25 x 0.25 (x-direction x z-direction) m blocks
2.	 0.5 x 0.5 m blocks
3.	 1 x 0.5 m blocks
4.	 0.5 x 1 m blocks
5.	 1 x 1 m blocks
6.	 2 x 2 m blocks

The baseline simulation was conducted using 0.25 x 0.25 m grid blocks, and all other 
grid sizes were compared to this baseline. The relative difference, σ , was calculated using 
the following equation:

where ηr,base is the ηr of the simulation using grid blocks of 0.25 x 0.25 m.

(9)σ = ηr − ηr,base.
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Table 6 shows the resulting σ . The 1 x 1 m has both the average and maximum σ below 
1%, while for the 2 x 2 m blocks both the average and maximum σ are above 1%. There-
fore, the 1 x 1 blocks were used.

Abbreviations
αf 	� Coefficient of thermal expansion of water K−1

�T 	� Difference between injected and ground temperature ◦C
ηe	� Energetic efficiency -
ηf 	� Energetic efficiency calculated using the data -
ηf 	� Energetic efficiency calculated with Eq. 3 -
ηr	� Thermal recovery efficiency -
�a	� Thermal conductivity aquifer m2

µ	� Viscosity of water at average of Ti , Tg Pa s
ρ	� Density of water at average of Ti , Tg K−1

T i	� Average injected temperature ◦C
To	� Average extracted temperature ◦C
π	� Pythagoras number -
A	� Surface area of a cylinder m 2

a	� Anisotropy -
cw	� Volumetric heat capacity of water J m−3K−1

caq	� Volumetric heat capacity of saturated aquifer J m−3K−1

Ein	� Energy injected into well J
Eout	� Energy extracted out of well J
g	� Acceleration due to gravity ms−2

H	� Thickness aquifer m
Kh	� Horizontal permeability m2

kh	� Horizontal hydraulic conductivity mday-1

Kv	� Vertical permeability m2

kv	� Vertical hydraulic conductivity mday-1

n	� Porosity of aquifer -
rh	� Hydraulic thermal radius of a well m
rth	� Theoretical thermal radius of a well m
Tc	� Cutoff temperature ◦C
Te	� Temperature of extracted water ◦C
Tg	� Ambient groundwater temperature ◦C
Ti	� Temperature of injected water ◦C
u	� Background groundwater flow mday-1

Ve	� Extracted water volume during one extraction period, which is in this research a single year m3

Vi	� Injected water volume during one storage period, which is in this research a single year m3
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Table 6  Average and maximum σ values obtained from the grid sensitivity analysis for the 10 data 
points tested

Block size Average σ (%) Highest σ (%)

0.5 x 0.5m 0.02 0.08

0.5 x 1m 0.07 0.20

1 x 0.5m 0.08 0.18

1 x 1m 0.15 0.35

2 x 2m 1.1 3.2
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