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Abstract—Geothermal energy use from shallow groundwater
systems is attractive for the supply of heat and hot water to
buildings. It offers economic and environmental advantages
over traditional fossil-fuel based technologies, in particular
when large scale systems are well adapted to the always
unique hydrogeological conditions. Computer based numerical
simulations are used to examine the performance of multiple
borehole heat exchangers installed in the ground. This paper
demonstrates how evolutionary algorithms can be utilized to
conﬁgure the elements of a geothermal system in an ideal way,
and thus substantially enhance the energy extraction rate in
comparison to standardized approaches. Differential evolution
(DE), evolution strategies (ES) and particle swarm optimizers
(PSO) are combined with a local search approach and compared
with respect to their efﬁciency in the optimization of synthetic,
real case oriented and static systems. First results are promising,
especially for the PSO and the DE with the local search
approach.

I. I NTRODUCTION
Geothermal energy is a native and environmentally
friendly energy. Contrary to most other renewable energy
sources, it is available everywhere, independent of geological
setting, weather conditions and time of day. For heating
and cooling of private houses and other facilities, especially
so-called shallow geothermal energy use is on the rise
[1]. Here, mostly vertical boreholes are drilled down to
a depth of about 100-400 m, and tubes are installed that
act as borehole heat exchangers (BHEs). By circulating a
glycol/water mixture in these tubes, conductive heat ﬂow
is stimulated and the ﬂuid serves as heat carrier. Such
systems are called vertical ground source heat pump (GSHP)
systems, which, depending on the required energy demand,
operate with one single or multiple BHEs. Ultimately the
heat is extracted from the subsurface by connecting the
BHE with a heat pump [2]. Typically two BHEs are able to
sufﬁciently supply a single-family house with thermal energy.
Hence, the simultaneous operation of multiple BHEs may
supply an ofﬁce building, industrial complex or an entire
school [3]. Essential for the efﬁciency of such a BHE ﬁeld
within a given (hydro)geological environment is the overall
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dimensioning of the ﬁeld, i.e. the number and depth of
boreholes, as well as individual and coordinated arrangement
of the BHEs [4]. The appropriate design of such BHE ﬁelds
to fulﬁll a certain demand for energy is straightforward and
is based on standardized procedures. In contrast, the optimal
design of BHE ﬁelds can be a challenging task with various
degrees of freedom. BHEs might inﬂuence each other. Thus,
the highly nonlinear mutual inﬂuence between the BHEs
needs to be considered in the ideal geometric arrangement.
Moreover, the performance of BHE(ﬁeld)s heavily depends
on the local natural conditions, which include the geological
environment, groundwater ﬂow and in some cases even
interference with other GSHP systems in the neighborhood
[2]. Considering all of these criteria for the design of GSHP
systems yields a mathematically complex, high dimensional
optimization problem. This problem cannot satisfactorily be
solved and optimized with the currently available methods or
trial-and-error. Currently BHE ﬁelds are customarily planned
by means of semi-analytical models, such as EED [9] and
EWS [8], which are easy to use with short calculation times.
These models rely on simpliﬁed conditions such as equal
heat extraction rates (loads) of all BHEs and a simple geometric arrangement of the BHEs within the ﬁeld, such as a
square lattice. To consider site-speciﬁc hydraulic and thermal
conditions and to analyze the underground heat transport
processes temporally and spatially, numerical models are
more suitable [5]. Although numerical models offer much
more potential, computational time can be signiﬁcant and
numerical noise often occurs. This is in particular important
when the response of such models is used during an automatic optimization procedure. In related studies on modelbased optimal water management, Evolutionary optimization
Algorithms (EA) are of increasing interest [6], [7]. These
algorithms only require objective function values for the
optimization of a given problem, are robust and able to
handle numerical noise [10]. In the model-based procedure,
the design problem is expressed by an objective function that
is iteratively evaluated by the EA. In each iteration, candidate
solutions are tested by running the numerical model for each
candidate and using its response to calculate the objective
function value. This concept seems to be promising for larger
GSHP systems as well.
In this study we therefore optimize the energy extraction of
a BHE ﬁeld for a synthetic, but real case oriented test case.
Selected EAs are used for optimization and the numerical
groundwater transport routine MT3DMS [11] is applied for
simulating the thermal effects from different conﬁgurations
of such BHE ﬁelds. The GSHP system operates over a

deﬁned time span and, as a constraint, resulting groundwater temperatures are not allowed to decrease below a
regulative limit [2]. Contrary to available design approaches
that drive all BHEs with equal loads and conﬁne possible
positions of the BHEs, the technique presented here allows
the ﬂexible setting of these parameters. Of major interest
is the performance of the selected EAs: Which variants
are computationally most efﬁcient, which can ﬁnd favorable
parameters for this special design problem, and how many
iterations are needed?
II. M ETHODS
A. Heat transport model

and MT3DMS [11], respectively. Both routines are based
on a ﬁnite difference solution procedure, are open source
and written in FORTRAN. According to [13], MT3DMS
is suitable for heat transport simulations of BHEs under
a wide range of conditions. An important technical aspect
is that by separation of the two codes, MODFLOW only
has to be applied once at the beginning of the optimization
to simulate ﬂow. Since different BHE conﬁgurations affect
heat transport, just MT3DMS has to be further used to test
candidate solutions, and thus total simulation time can be
kept down.
B. Model Setup (Scenarios)

Heat transport in porous media is governed by two mechanisms: heat conduction and heat advection. Heat conduction
is driven by a temperature gradient, while heat advection is
the transport of heat due to the moving ﬂuid phase. In the
geological porous media of shallow geothermal systems, the
moving medium is the groundwater. The governing partial
differential equation (PDE) that describes groundwater ﬂow
is:
∂h
,
(1)
∂t
where k is the hydraulic conductivity, h is the hydraulic
head, q represents the water source/sink term, Ss is the
speciﬁc storage of the porous material and t is the time. In
heterogeneous systems like the one modeled in the presented
study, k is spatially variable. This is typical in natural
systems, where for example zones of gravel or sand can
be found, all with speciﬁc hydraulic properties. For heat
transport in the subsurface the PDE is:

A hypothetical BHE ﬁeld scenario with 30 BHEs under
steady state conditions (800 days) needs to be optimized. The
water-bearing stratum (i.e., aquifer) is represented by a onelayer rectangular ﬁnite differences model domain. A grid of
δx = δy = 2.5 m (Figure 1) is deﬁned to simulate a ﬁeld case
over an area of 500 m × 500 m. Each BHE is represented
by a single grid cell with assigned energy extraction values
between 20 W/m and 100 W/m. These are typical values
reported for sand and gravel aquifers, respectively [14].

∇ · (k∇h) + q = Ss

∂Tw
∂Ts
+ (1 − n)ρs cs
=
∂t
∂t
= (∇ · [(λm + nρw cw ανa )∇T ]−
−∇ · (nρw cw νa T ) + qh ,

nρw cw

(2)

where n is the porosity, ρc , cw and ρs , cs are the volumetric
heat capacities of the materials, λm is the arithmetic mean
of the thermal conductivity of the water and the solid phase,
α represents the thermal dispersivity and νa is the seepage
velocity. The last term qh represents the source and sink term.
The BHE represents a heat source or sink in the subsurface
that disturbs the ambient temperature of the surrounding
material. Conductive heat ﬂow is enforced by temperature
gradients, in particular by the installed BHEs. Advective heat
transport is induced by the prevailing natural head difference, which represents the hydraulic gradient and is linearly
proportional to the groundwater ﬂow velocity. Site-speciﬁc,
often heterogeneous hydraulic and thermal properties of the
underground, and the intensity of natural groundwater ﬂow,
always create unique conditions.
Two well-established numerical codes used to solve the
groundwater ﬂow (Equation (1)) and heat transport equations (Equation(2)) in porous media are MODFLOW [12]

Figure 1. Model domain used in MODFLOW and MT3DMS. The dotted
square spans the allocation area for the borehole heat exchangers.

In practice, the diameter of a BHE is around 0.10 m.
However, the coarse model resolution of 2.5 m is assumed to
deliver a sufﬁciently good approximation of ﬁeld conditions,
since interference between the BHEs as observed in ﬁeld
cases can be well reproduced. For example, Hecht-Méndez
et al. [15] show that assuming a BHE size of 3 m × 3
m temperature introduces inaccuracies of only < 0.6 K in
the vicinity of a BHE. Higher resolution would signiﬁcantly
increase the computational load of the simulation, which
is not desirable for this study, as the focus is set on the
performance of the optimization algorithms. The proposed

scenario represents an aquifer with three different horizontally distributed hydraulic zones as illustrated in Figure
2. These hydraulic zones represent three different aquifer
materials: light grey for gravel, black for sand, and dark
grey for silty sand. Along the upper and lower model
boundaries, Neumann (no-ﬂow) conditions are set. Using
Dirichlet boundary conditions (ﬁxed hydraulic head values at
the left and right boundaries), groundwater movement from
left to right is simulated. Due to the heterogeneous hydraulic
conductivity (k) distribution, the groundwater does not ﬂow
along a straight pattern and non-uniform ﬂow pathlines are
simulated (Figure 2). Zones of high hydraulic conductivity
(or high groundwater ﬂow velocity) focus the ﬂow so that
the depicted advective pathlines tend to converge. Equivalent
to the hydraulic material parameters, the material-speciﬁc
thermal parameters (thermal conductivity and volumetric heat
capacity) are also heterogeneously distributed.

maximum power of each BHE is restricted by a maximum
allowed temperature change ΔTmax of the underground in
the vicinity of the BHE:
ΔTc ≤ ΔTmax ,

(4)

where ΔTc is the temperature change in cell c caused
by the energy extraction of the BHEs. Here ΔTmax was
set exemplarily to 2.5 K. The inﬂuence of a BHE on
the aquifer temperature declines with increasing distance.
Typical real world applications use a small tolerance area
around a given BHE typically between 3 and 10 m [2], and
thus the BHE grid cells are not evaluated for this constraint.
For the presented study, it is sufﬁcient to evaluate ΔTc for
cells c only in the Moore neighborhoods of all BHE j. The
Moore neighborhood comprises the eight cells surrounding
the central (BHE) cell on the two-dimensional square lattice.
D. Constraint Handling
BHE loads and positions are subject to a box constraint.
The heat extraction values range between 20 W/m and 100
W/m, while the BHEs are allowed to be set in an area of
250 m × 250 m in the interior of the simulated domain as
shown in Figure 1. The temperature constraint (Equation 5)
is implemented as a penalty term. If the constraint is violated
for a candidate solution, the objective function is signiﬁcantly
reduced:

Pc =

0,
(ΔTc − ΔTmax )

ΔTc ≤ ΔTmax
,
otherwise

(5)

where Pc is the penalty value of cell c. The total penalty
value Ptotal for a given conﬁguration of BHEs is calculated
by the sum of the penalty values Pc(j) of all BHE j. This
results in the overall objective (i.e. ﬁtness) function
Figure 2. Hydraulic conductivity distributions within the model domain.
The white lines illustrate ﬂow paths of 10 water particles that are injected
into the model domain. These ﬂow paths were created using MODPATH
[16]. The white box represents the available
placement area for the 30 BHEs.
.

C. Objective Function and Constraints
A ﬁxed number of BHEs are to be placed in an area of 250
m × 250 m in the interior of the model domain as shown in
Figure 1. This represents typical ﬁeld conditions, where the
placement of the BHEs is restricted to a building plot. The
goal is to ﬁnd a conﬁguration of BHEs that maximizes the
possible energy extraction within a deﬁned simulation time:
Etotal (g) = t

n


lj ,

F (g) = Etotal (g) − Ptotal (g) · κ,

(6)

where κ is a scaling factor for the penalty term. The
appropriate choice of κ is crucial for the success of the
optimization procedure. Values of κ that are too low may
yield optimized solutions with higher ﬁtness values for
conﬁgurations g of BHEs which violate the temperature
constraint. Values of κ that are too high generate a very
rugged ﬁtness function which is hard to optimize. An ideal
value for κ ensures that in cases of constraint violations the
inﬂuence of the penalty term always surpasses the inﬂuence
of the energy function, which can be written for each BHE
j as:

(3)

j=1

where Etotal is the total extracted energy from the ﬁeld
within the simulation time frame period t for a conﬁguration
of BHEs g. n is the number of BHEs in g, and lj is the
thermal power [W] of each BHE j with j = 1 . . . n. The

κ · Pc(j) > t · lj ,

(7)

for all cells c in the Moore neighborhood of BHE j.
Assuming the worst case with ΔTmax = 0 equation (7)
results in

lj · t
κ>
min(ΔTc (lj ))

(8)

where min(ΔTc (lj )) is the smallest temperature change
caused by the load lj in the Moore neighborhood of BHE
j. This relationship enables the determination of a suitable
value for κ based on the hydraulic properties of the given
scenario prior to the actual optimization procedure.
E. Encoding of individuals
A conﬁguration of a BHE ﬁeld g with n BHEs can be
written as a vector of the BHEs j = 1, . . . , n, each deﬁned
by a position (xj , yj ) and a thermal power lj . This yields an
overall vector
g = (x1 , x2 , ..., xn , y1 , y2 , ..., yn , l1 , l2 , ..., ln )

(9)

Within the evolutionary optimization process each candidate
solution, i.e. individual i of generation m is assigned a single
(m)
BHE ﬁeld-vector gi
as deﬁned above. In the studied optimization problem (xj , yj ) represent cell coordinates which
are integer values while the loads lj are real valued.
F. A local search approach
In existing designs of BHE ﬁelds all BHEs are driven with
the same loads. Especially in case of groundwater ﬂow and
dominant advective heat transport, such designs do not seem
ideal. Unwanted interference between neighboring BHEs can
occur, e.g. if one BHE is positioned downwards along the
gradient of another one. In such a case, lower loads are
favorable for the downgradient BHE in order to comply
with the temperature constraint. Similar relationships can
be observed for BHEs positioned in areas with different
geological properties. As suggested here, a remedy could
be to assign different loads to each BHE of the BHE ﬁelds.
However, using this degree of freedom signiﬁcantly increases
the dimension of the optimization problem.
In the presented study, a hierarchical approach with two
separate optimization steps is suggested, one for the geometric design and one for the loads. Each time the EA
(m)
generates an individual gi its loads l1 , ..., ln are separated
from its coordinates and optimized independently with a
local search approach under the use of an objective function
(Equation (12)) in a separate step. The objective function
assigns a single ﬁtness value to every BHE load, depending
on the extracted energy of the BHE and the adherence of
the temperature constraint. A higher energy extraction of
the BHE yields a better ﬁtness value and a violation of
the temperature constraint impairs the ﬁtness depending on
the extent of the violation. The local search approach runs
over ﬁve iteration cycles and, since the result can also be a
degraded performance of the BHE ﬁeld, the global ﬁtness
for each local search step is calculated. Depending on the
ﬁtness the loads will be increased or reduced in the next
iteration step. Finally, the load values of the search step with
the best global ﬁtness are assigned to the current individual.

Hence the local search never results in reduced global ﬁtness
values. In order to achieve maximum energy extraction and
concurrently adhere to the temperature constraint each BHE
should be driven with loads close to constraint-violating
opt
values. The maximum load value lj for a BHE j that does
not produce a constraint violation is deﬁned as:
ljopt = max(lj |Pj = 0)

(10)

where Pj is the sum of the penalty values Pc of all cells c
in the Moore neighborhood of BHE j. The objective function
for load lj of BHE j derives from equation (6)
F (g) = Etotal (g) − Ptotal (g) · k =
n
n
n



lj − k ·
Pj =
(lj − k · Pj )
j=1

j=1

(11)

j=1

and writes
F (lj ) = lj − k · Pj

(12)
ljopt

In case of no interaction between the BHEs,
would
be the global optimum of the objective function (12), and
according to (11) and (12) the assignment of the load value
of each BHE j with ljopt would be the global optimum
of function (6). In reality and in our model setup, limited
building ground results in a high spatial closeness of BHEs
and mutual inﬂuence between individual BHEs is inevitable.
In the event of positioning a BHE downstream of another
BHE it could be more efﬁcient to drive both BHEs with
medium loads than use the ﬁrst BHE to full capacity and
turn down the second one nearly completely. Thus assigning
each BHE j with ljopt will not necessarily lead to the
global optimum of (6) and the best solution of the overall
optimization problem. Although this approach is not able to
ﬁnd the global optimal individual load values for each BHE
in each case, it nevertheless can be used to move the loads
closer to ljopt and to support the EA by avoiding individuals
with bad ﬁtness values due to extremely high or low load
values.
Equation (12) represents a convex function in a one
dimensional search space. Thus local improvement procedures should be an ideal compromise between speed of
convergence and efﬁciency for the detection of the global
optimum. We went for the linesearch algorithm because it is
easy to implement and excellent for ﬁnding global optima
of objective functions in one dimension. The number of
linesearch iterations was set to ﬁve in each enhancement step.
III. O PTIMIZATION A LGORITHMS AND P ROCEDURE
A. Algorithms
We used our open source Evolutionary Algorithm framework EvA2, which is a comprehensive optimization system
written in Java, with a wide range of evolutionary algorithms,
like evolution strategies (ESs), genetic algorithms (GAs), genetic programming (GP), particle swarm optimization (PSO)

and differential evolution (DE) [17]. We applied the following Evolutionary Algorithms on the problem of optimizing
a BHE ﬁeld.
1) Evolution Strategy (ES).
A population of μ parents generates a set of λ children
via mutation and recombination operators. A following
selection step chooses μ individuals for the next generation from the set of either the offspring, referred
to as (μ, λ)-selection (μ < λ must hold), or both the
parents and offspring, referred to as (μ + λ)-selection.
In this paper we used a (5, 40) − ES with 15 -success
rule as mutation operator and one-point crossover with
(pc = 0.5) for recombination.
2) Particle Swarm Optimization Algorithm (PSO).
In PSO, a set of individuals is represented by a socalled swarm that is composed of a set of particles
P = {p1 , p2 , ..., pn }. At any time step t, pi has
a position xti and a velocity vit associated with it.
A candidate solution of the optimization problem is
represented by the position of a particle. For every
particle pi the best solution it has ever reached until
time step t is represented by vector bti . Further, every
particle receives information from its neighborhood
Ni ⊆ P while neighborhood relations are commonly
represented as a graph G = {V, E}. The particles’
position and velocity are updated by so-called update
rules after every time step t. In the presented study we
decided on a grid topology and a swarm size of n = 30.
To update the particles’ positions and velocities the
constriction mode with φ1 = φ2 = 2.05 is chosen.
3) Differential Evolution (DE).
In DE a population consists of μ individual vectors
x1 , . . . , xμ . A mutation vector νj is assigned to every
individual vector xj whereas the calculation of νj
depends on the chosen mutation mode and a mutation
factor F . In the following recombination step a trial
vector uj composed of elements of xj and νj is
created. A ﬁnal selection step calculates the ﬁtness of
xj and uj and only the vector with the better ﬁtness
value will be overtaken in the next generation. For
our optimization runs we decided for a DE/current-tobest/1 Differential Evolution with F = 0.7 and a cutoff
probability Cr = 0.8 for the recombination step.
All algorithms were tested with as well as without the local
search approach, so the number of tested algorithms rises
to six (ES, PSO, DE, LS-ES, LS-PSO, LS-DE). According
to equation (8) the scaling factor κ was set to κ = 1250.
To obtain statistically signiﬁcant results each algorithm run
was started 10 times. To keep the overall runtime in an
admissible range we limited the number of objective function
calls for each algorithm to 75 000. For the same reason,
we implemented an additional stop criterion that aborts
a test run if no better ﬁtness value was found for 6000
objective function calls. With our parameter conﬁguration,
one MT3DMS simulation takes about 3 minutes. Hence
one optimization run with 75 000 objective function calls

brings up an overall runtime of 225 000 minutes or 156 days.
The calculations were executed on AMD Opteron computer
cluster and with a tenfold parallelization of the EAs we were
able to reduce the runtime for one optimization run to two
weeks.
B. Results
Figure 3 and Table I show the optimization results of the
six tested algorithms. For further evaluation of the results we
only consider those algorithms that produced valid solutions
in terms of the constraints mentioned in II-D.

Figure 3.
Boxplot of the optimization results. The ﬁtness values are
expressed in Watt. Every algorithm was tested ten times. On each box,
the central mark is the median, the edges of the box are the 25th and
75th percentiles, the whiskers extend to the most extreme data points not
considered outliers.
.

Table I
SHOWS A COMPARISON OF THE RESULTS . T HE VALUES CORRESPOND TO
THE EXTRACTED ENERGY OF THE BHE FIELDS IN [W].

Algorithm
DE
LS-DE
PSO
LS-PSO
ES
LS-ES

Best
1622
2024
2077
1291
no valid solution
1404

Avg.
1480
1887
1853
1139
no valid solution
1268

Std.
112
96
120
98
no valid solution
84

LS-DE and PSO outperformed the other algorithms and
achieved the best results. ES is not able to achieve valid
solutions without the local search approach. Although PSO
gave a better peak result than LS-DE, LS-DE attained a
slightly better average performance.
LS-DE and PSO are the only algorithms that were not
stopped before the limit of 75 000 objective function evaluations was reached. The other algorithms were aborted after
considerably fewer objective function evaluations according
to the stop criterion given in III-A. In comparison, ES, LSES and DE showed overly strong convergence behaviour and
terminated in local optima very soon. These ﬁndings reﬂect

the extremely multimodal character of the objective function.
We suggest that the high selection pressure of the ES is the
reason that this algorithm could not detect valid solutions at
all. PSO was the only algorithm that achieved signiﬁcantly
better results without the local search approach.

5 compare the temperature distribution in the underground
after one MT3DMS simulation run within two BHE ﬁelds.
Both BHE ﬁelds extract the same amount of energy. Figure
4 presents the best BHE ﬁeld found by PSO and shows that
the temperature constraint is adhered to. The temperature
distribution in Figure 5 results from a lattice-like arrangement
of 30 BHEs and equal extraction rates for each BHE of 67.5
W/m. The loads of this ﬁeld are assigned to the mean of
the loads of the best BHE ﬁeld found by PSO. That means
the load ljlattice of a BHE j in the lattice arrangement was
set to the extracted energy of the best BHE ﬁeld found by
PSO divided by 30. Using this lattice array and without
considering the temperature constrain deﬁned in II-D, the
temperature change of the subsurface exceeds ΔTmax up
to 6.5 K. To achieve an adherence of the temperature to the
lattice arrangement, the loads would have to be dimmed to 23
W/m. This means a reduction of the loads by 67% compared
to the optimal BHE ﬁeld found by LS-DE.
IV. C ONCLUSION

Figure 4. Temperature distribution in the underground of the best BHE
setup found by PSO. The overall energy extraction of the BHE ﬁeld equals
the energy extraction of the ﬁeld illustrated in Fig. 5 but the deﬁned
temperature constraint is respected. .

Figure 5. Temperature distribution in the underground with a lattice-like
arrangement of 30 BHEs and equal loads (67.5 W/m) for all BHEs. The
ﬁeld is parameterized as described in II-B and the energy extraction of the
BHE ﬁeld equals the energy extraction value of the best BHE ﬁeld found
by PSO (illustrated in Fig. 4). 28 of 30 BHE generate temperature changes
in the underground that exceed ΔTmax at least in one cell in the Moore
neighborhood of the BHE cell.

This effect can be attributed to the external change of
the individual vectors by the linesearch algorithm between
the creation and the evaluation of the individuals by PSO.
Because of this external perturbation, the kinetic energy of
the particle swarm remains nearly static and the convergence
behaviour of PSO becomes less satisfactory. Figures 4 and

In this study we presented an application of three EAs (ES,
DE, PSO) to the problem of optimizing the energy extraction
of a ground source heat pump system with 30 BHEs over
a deﬁned time. A minimum temperature constraint, which
ensures that the temperature changes of the subsurface by
heat extraction remain in reasonable bounds, was deﬁned. We
introduced an objective function and a constraint handling
strategy, that ensured the adherence to the minimum temperature criterion of the subsurface. Contrary to current design
approaches, which drive all BHEs with equal loads and allow
only a constricted arrangement for the positions of the 30
BHEs, our optimizers are allowed to set these parameters
freely within deﬁned ranges. Furthermore, we introduced a
local search procedure for an additional ﬁne adjustment of
the individual extraction rates. Each EA was tested with and
without the local search approach, so the number of tested
algorithms rose to six (ES, LS-ES, DE, LS-DE, PSO, LSPSO). LS-DE and PSO outperformed the other algorithms
and achieved the best results, while the ES was not able to
achieve valid results without the local search approach at all.
The optimized BHE ﬁelds ensure a high energy yield and at
the same time ensure reasonable temperature changes of the
subsurface within the temperature constraint. Fields designed
according to the actual lattice shaped design of BHE ﬁelds,
where all BHEs are assigned with same energy extraction
rates, violated the temperature constraint severely. Without
violating the temperature constraint, the lattice shape BHE
ﬁeld could only reach 33% of the energy extraction of the
optimized BHE ﬁelds.
Attractive prospects for future work are to test further EAs
with the given problem and to further evaluate the best EAs
found in this study (LS-DE and PSO) in respect to various
hydrogeological conditions or advanced real case scenarios.
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