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Abstract

Energy transition requires efficient energy produc-
tion and distribution systems. For this purpose, a
methodology is developed to design a thermal net-
work which extracts the energy of ground water and
distributes it optimally within a neighborhood. The
first step of the methodology consists in a geograph-
ical clustering of the buildings, aiming to reduce the
complexity of the problem. Then, knowing the energy
demand of the neighborhood and potential locations
for ground water wells, the resolution of an assign-
ment problem (capacitated facility location splittable
problem - CFLS problem) is performed. Each ground
water well can be drilled or not and has a specific
amount of power available. The goal of the reso-
lution is then to determine which drillings need to
be executed and which buildings they should supply,
while minimizing the total cost of the operation. To
do so, this assignment problem is solved using a be-
spoke solving method and the results are compared to
those obtained with a mixed-integer linear program-
ming (MILP) based solving method. The methodol-
ogy ends with the design of the topology of a thermal
network. This design process uses street network data
and is based on the resolution of a minimum Steiner
tree.

Key Innovations

• Resolution of Facility Location Problems (FLP)
in the framework of thermal network design

• Development of a bespoke solver for FLP resolu-
tion

Practical Implications

This paper presents a methodology which aims to
ease and improve the topology design of thermal net-
works when the latter are supplied by ground water
wells.

Introduction

Imagine that an investor wants to build electronic
goods’ shops in a city. He has identified possible lo-
cations for his shops and knows the actual demand
of each neighborhood of the city. The construction
of a shop at a specific location has a specific cost.
The goal of the investor is to minimize the travelling
distance of the customers to the shop and to mini-

mize his/her investment cost. The question is then:
How many shops should be built, where, and which
neighborhood should be supplied by each of them.
This short example illustrates the general class of Fa-
cility Location Problems. Capacitated Facility Loca-
tion Splittable problems are a sub-category of FLP
as defined by Madhukar R. Korupolu (2000). Basi-
cally, two additional conditions are introduced: the
potential production of a specific location is limited
(capacitated) and each facility can supply different
customers (splittable). Also, not all possible pro-
duction locations need to be used. In this paper,
the resolution of CFLS problem in the framework
of thermal networks is presented. CFLS problems
are of prime interest for thermal network design. In-
deed, as ground water is increasingly used for heating
and cooling, it becomes necessary to have an efficient
management of its extraction. Instead of having a
ground water drilling per building, central drillings
are made so that the use of water is controlled (ex-
traction mass flow rate and difference of temperature
between water extracted and water rejected). The
hot/cold power is then distributed to the buildings
via a thermal network. In such cases, optimal po-
sitions have to be found for the ground water wells
(sources) in order to cover the whole thermal demand
and to minimize the total cost of the thermal net-
work (investment and operational cost). The number
of required drillings has to be found and the build-
ings (sinks) to which each of these sources have to be
connected have to be identified.

The CFLS problem can then be formulated mathe-
matically as follows:

min ν =
m∑
i=1

n∑
j=1

wijxij +
m∑
i=1

ciyi

s.t.
n∑

j=i

pijxij ≤ Pi ∀i

m∑
i=1

pijxij = Dj ∀j

(1)

where wij is the piping cost for connecting source i to
sink j, xij is a binary equal to 1 if source i is assigned
to sink j, 0 otherwise, ci is the cost of activation of
source i, yi is a binary equal to 1 if source i is acti-
vated, 0 otherwise, pij is the power transmitted from
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source i to sink j, Pi is the total power available at
source i and Dj is the total power demand of sink j.

Literature on thermal networks’ topology design is
extensive, but to the best of authors’ knowledge none
of the studies includes information about the resolu-
tion of a CFLS problem and only a few studies deal
with multiple sources. As mentioned in Blommaert
et al. (2018), many network optimization studies rely
on MILP-based approaches. Vesterlund et al. (2017)
present a case study in which an optimization of a
multi-source complex district heating network is per-
formed. The topology of the network is however pre-
established. Jing et al. (2019) studies in details cen-
tralized vs. decentralized network topologies. The ar-
ticle does not focus on optimally attributing sources
to sinks. Finally, Dorfner and Hamacher (2014) deal
with a problematic close to the one presented in this
article: the network topology is optimized using an
MILP approach and multiple sources are considered.
The heating demand is estimated per building and
then grouped by their nearest street. The case study
includes only 3 sources. In this paper, a methodol-
ogy (see Figure 1) is proposed for the resolution of the
CFLS in the framework of network topology design.
This methodology includes 3 steps: the preliminary
processing of the data, the resolution of the CFLS
problem and finally the topology design.

Sources - sinks assignment

RESOLUTION OF THE CFLS PROBLEM

Bespoke 

solving method

MILP based 

solving method
OR

TOPOLOGY DESIGN

Minimum 

Steiner Tree

Drilling cost and connection cost matrices

PRELIMINARY PROCESSING

Figure 1: Methodology developed for the design of
thermal networks

Preliminary processing

Evaluation of the thermal demand

Following the methodology presented in Figure 1, the
first step in the design of a thermal network consists in
the evaluation of the thermal demand. Measurement
data would be the best option but as it is rarely avail-
able, an energy signature model is used, following the
method extensively explained in Girardin (2012). At
first, the annual demand is computed and the hourly
demand is then deduced using an energy signature
model which assumes that the thermal demand is a
linear function of the external temperature.

Data collection

Data that need to be acquired are the road network,
buildings’ geometry (shape and location), buildings’
thermal demand and possible locations for the ground
water wells. The road network and buildings’ geom-
etry can easily be imported from OpenStreetMap®

as shapely geometries 1 using an open source module
named DistrictHeatingDesign2, see Figure 2a. Ac-
cessing an open database allows to replicate the de-
veloped design process freely and to apply it to vari-
ous neighborhoods. On the other hand, possible loca-
tions for ground water wells are identified manually
based on the area that is required for their instal-
lation. According to experts’ opinion, the minimal
area required for the installation of a ground water
well is a surface of 20 meters by 20 meters and it has
to allow the whole installation process. The maxi-
mum available power at a ground water well depends
on the extractable mass flow and on the temperature
difference between the extracted and injected water
(∆T ). The mass flow is generally computed by per-
forming a dynamic simulation of the ground water.
The maximum ∆T is imposed by the legislation (e.g.
3K in Switzerland).

Data formatting

Once the data collection is performed, one obtains
a set of independent geometries (buildings are not
connected to the road network). The connection of
the buildings to the road network reveals to be tricky
as it is hard if not impossible to predict how each
specific building will be connected to a network in
reality. Practically, this is dictated by the location of
the boiler room or by the location of the entry of the
building for example. This connection problem is here
tackled in a simplistic way as buildings’ centroids are
simply connected to the closest point of the network.
The ground water wells are connected to the network
by following the same rule.

This gathering of geometries is then transformed into
a graph with nodes (the buildings) and edges (the

1shapely is a Python library for the “manipulation and
analysis of geometric objects in the Cartesian plane”. See
https://shapely.readthedocs.io/en/latest/index.html for more
information

2see https://gitlab.com/crem-repository/dhd
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streets) using the library NetworkX (Hagberg et al.
(2008)). Each edge is attributed a weight correspond-
ing to the length of the associated street. The con-
struction of such a graph allows the application of
algorithms such as the Dijkstra’s algorithm (Dijkstra
(1959)) to find the shortest path between two nodes
or the Kruskal algorithm for the computation of a
minimum Steiner tree.

The following step consists in a geographical cluster-
ing of the buildings. The goal is to gather in a same
group buildings which are close to each other in or-
der to reduce the computational cost. A good clus-
tering is of primordial importance for optimal results
as it dictates the topology design. Different cluster-
ing methods such as the K-Means clustering method
or hierarchical clustering methods are tested and the
results are presented in the Case study section. One
of the main challenges concerning clustering is to de-
termine the number of clusters that are needed. Also,
this clustering of the buildings does not set “physical
boundaries”. This is achieved by assuming that the
physical boundaries of the clusters are represented by
the convex hull of the buildings. An example of clus-
tering is given in Figure 2b.

(a) Area considered initially. Buildings are in orange and
the road network is represented by grey lines.

(b) Example of clustering. The different clusters are high-
lighted by different colors and the convex hulls are repre-
sented by black lines.

Figure 2: Illustration of a clustering of buildings

Finally, a connection cost matrix is defined. The
shortest path between each cluster and each ground
water well is computed and a linear cost per meter
is attributed. This matrix thus represents how much
it would cost to individually connect each cluster to
each ground water well. At an early stage, this con-
nection cost matrix represented the shortest path be-
tween each ground water well and the centroid of the

clusters. However, the connection cost matrix should
be representative of the length of the primary net-
work, i.e. the network connecting the ground water
wells to the substations. As in the final topology de-
sign the substations are located somewhere on the
cluster boundary, large differences appeared, espe-
cially in the case of large clusters. Basically, the cost
minimized during the resolution of the CFLS problem
was not representative of the cost obtained during the
topology design. In order to tackle that, the location
of the sinks is taken to be the point on the boundary
of the cluster which is the closest to each source.

CFLS problem resolution

Two methods are applied and compared for the res-
olution of the CFLS problem: an MILP-based ap-
proach and a heuristic bespoke approach. Even if
MILP-based approaches are common in network de-
sign, local search heuristic methods are widely used
for CFLS resolution in the computer science commu-
nity (Madhukar R. Korupolu (2000)). This article
therefore aims to compare the two methods.

Bespoke solving method

The bespoke solving method contains different steps
which are described in Figure 3. First of all, this
bespoke solving method identifies permutations con-
taining all sources. This number of permutations
is very large; for example if the permutations of 8
sources are considered, the total number of permuta-
tions is 8! = 40’320. It would then be computation-
ally too costly to test all permutations and to gener-
ate a solution for each of them. Among these permu-
tations, a selection of “initial configurations” is then
made using a Sobol sequence (Sobol (1967)). Sobol
sequences are low discrepancy sequences used in or-
der to cover as much as possible the domain of ini-
tial permutations, while reducing the computational
cost. These “initial configurations” are simply per-
mutations used as input for the solver, e.g.: [Source
7, Source 5, Source 4, Source 3, Source 0, Source 1,
Source 2, Source 6]. For all given initial configura-
tions, the solver then executes successively the follow-
ing steps: 1) Selection of important permutations, 2)
Greedy algorithm, 3) Re-assignment. Each of these
steps is described in details in the next sections.

Selection of important permutations

Once an initial configuration is selected, a local search
is performed by investigating permutations adjacent
to the initial configuration (“important permuta-
tions”). As the generation of a solution is done using
a greedy algorithm, the action which influences the
most the result is the selection of the “first” source,
i.e. the source which will be considered at first during
the application of the greedy algorithm. The selection
of important permutations is then executed follow-
ing the process described in Figure 4. Basically, all
the sources are positioned once at the first position
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BESPOKE METHOD FOR THE RESOLUTION 

OF THE CFLS PROBLEM

Selection of n initial 

configurations

using a Sobol sequence

Selection of 

important permutations
Greedy algorithm Re-assignment

Identification of the permutations containing all sources

Figure 3: Description of the CFLS problem bespoke
solver

(“Switch for the 1st place”). Then the greedy and the
re-assignment algorithms are applied and a solution
is obtained. The permutation with the best result is
stored. Then, the 1st position is kept as it is, and all
the other sources are positioned at the second posi-
tion, and so on and so forth. This process is repeated
until all positions are tested.
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Identification

of the best
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Figure 4: Application of the process implemented for
the selection of important permutations to a simple
example

Greedy algorithm

In the framework of this paper, a greedy algorithm
is developed and applied to generate a solution of
the CFLS problem. As explained by Bierlaire (2015),
greedy heuristic refers to a method that constructs a
feasible solution step by step in a way that each step
is locally optimal. These kinds of methods are used
in problems which are too large for the optimal so-
lution to be found; they are then perfectly suited for
the resolution of the CFLS problem. The inputs of
this algorithm are: the distance along the road net-
work between each source and each sink, the power
available at each source, the demand of each sink and
a permutation of sources. The output is a connectiv-
ity matrix and a matrix containing the transmitted
power. A connectivity matrix x is a matrix consti-
tuted of zeros and ones. xij is equal to 1 if source i
is connected to sink j and 0 otherwise. The matrix
containing the transmitted power is associated to the
connectivity matrix. For every non zero value of the
connectivity matrix, the transmitted power matrix
specifies the power transmitted from the source to
the sink considered.

(a) Initial configuration. (b) Connection of the 1st

source. Demonstrates prox-
imity’s influence.

(c) Connection to a second
sink.

(d) Connection to a third
sink.

(e) Connection of the 2nd

source.

(f) Connection of the last
source. Demand is fulfilled
and source 7 remains un-
used.

Figure 5: Illustration of the different steps occurring
during the greedy algorithm. Sources are in blue and
sinks in red.

Instead of being based purely on the distances be-
tween sources and sinks, a “proximity” matrix is
computed from the distance matrix, in order to en-
hance the efficiency of the greedy algorithm. Prox-
imity between source i and sink j is defined here as:
pij =

dij∑
i

dij

N

with N the total number of sources and dij

the distance along the road network between source
i and sink j. This proximity is introduced in order to
force the connection between an isolated sink and the
closest source. An example of its application is shown
in Figure 5b. The procedure of the greedy algorithm
is then:

1. Select the first source of the permutation given in
input

2. Connect it to the sink with the smallest proximity

3. If the source has remaining power, connect it to
the next sink (the one with the second lowest
proximity)

4. Repeat for all sources (taken in order of the per-
mutation list given in input) until all sinks are
supplied.

5. Evaluation of the total cost. The total cost con-
sists in the activation cost of the sources (cost of
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drilling a ground water well) and in the connec-
tion cost (cost of building a pipe from the sources
to the sinks).

An example of the whole greedy algorithm is illus-
trated in Figure 5. Even if this algorithm is a con-
venient way of generating a solution, it has a prop-
erty that prevents it from reaching the optimal so-
lution. Indeed, a source always distributes its total
power before considering a new source. This hinders
the emergence of solutions with more sources than
the minimum number of sources. It forces sources
to connect to sinks over long distances, even if the
cost of activation of a new source and its connection
would be lower. In order to tackle this problem, a
re-assignment algorithm is applied afterwards.

Re-assignment

In order to improve the results obtained with a simple
greedy algorithm, a re-assignment algorithm is intro-
duced. In short, it considers the existing connections
one by one and checks if the total cost could be low-
ered by replacing one of them with a new connection.
The new connection could be either a connection from
a sink to a source which was not considered up to this
point (in this case the cost of activation of the new
source is also taken into account) or to an already
used source which has remaining power. Of course,
if a source is not used anymore, its activation cost is
spared. This method allows all sources to be consid-
ered and improves the optimality of the solution. An
example of reassignment is presented in Figure 6.

MILP-based solving method

An MILP-based solving method is introduced with
the aim of validating the efficiency of the bespoke
solving method which was developed. An MILP for-
mulation is chosen for the comparison as it is simple,
commonly used and because it solves CFLS problems
efficiently.

Multiple solutions are generated using an integer cut
formulation. The goal of this formulation is to run
the optimization problem multiple times in order to
find the optimal solution at the first iteration and
then to generate sub-optimal solutions in the next
iterations. In short, an extra constraint is added on
the connectivity matrix X[i, j] (see the mathematical
formulation in Introduction). This constraint aims

(a) Configuration obtained
after the application of the
greedy algorithm.

(b) Replacement of the con-
nection.

Figure 6: Illustration of the re-assignment algorithm.

to ensure that at least one value in X[i, j] is different
from the connectivity matrix obtained in the previous
iteration. The computations are performed with the
commercial solver CPLEX®.

Topology design

Implementation of substations

Once the CFLS problem is solved, the real design of
the network can start. It is decided that each cluster
should have one substation. The main goal of this
substation is to gather the pipes coming from the dif-
ferent ground water wells supplying the considered
cluster. The network connecting the ground water
wells to the substations is called the primary network,
while the network connecting each substation to the
different buildings of a cluster is the secondary net-
work. An optimal location for the substation of each
cluster has then to be found. It is assumed that a
good location has to be on the boundary of the con-
vex hulls created during the clustering. Indeed, a
substation inside the cluster would induce a primary
network too long (for example if two sources supply
the cluster, their associated connection pipes would
have to travel to the center of the cluster which is
not optimal) and if the substation was outside the
cluster, the secondary network would be longer and
the control of the installation would be more difficult.
For these reasons, the intersections between the road
network and the convex hull are identified (see Fig-
ure 7). The shortest paths between each intersection
and the supplying sources are then computed using
the Dijkstra’s algorithm and then summed. The in-
tersection resulting in the shortest total distance is
chosen as the location of the substation.

(a) Identification of the intersections (red dots) between
the convex hulls boundaries and the road network. Choice
of the substations locations. The substations are illus-
trated by circles whose color is associated to their cor-
responding cluster of buildings.
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(b) Example of buildings’ clustering and topology design.

Figure 7: Illustration of topology design procedure
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Network design

After that, Minimum Steiner Trees (MST) are com-
puted between the supplying ground water wells and
the substations, and between the substations and the
buildings of the considered cluster. Up to this point,
the resolution of the optimization problem allowed
to define which ground water well should supply each
cluster. The Minimum Steiner Tree now allows to de-
sign precisely where the pipes of the network should
be installed. An example of the application of min-
imum Steiner tree is shown in Figure 7b. Basically,
one has to define an undirected graph with nodes,
edges and their associated weights. After that, some
nodes have to be specified as “terminals”. Then,
the minimum Steiner tree is the shortest tree (based
on the edges’ weights) which connects at least all
the terminals (but other nodes can also be used).
These minimum Steiner trees are implemented us-
ing a Python library called NetworkX. However, it
is also a NP-Hard problem, and the algorithm used
by NetworkX produces a tree whose weight is within
a (2-(2/t)) factor of the weight of the optimal Steiner
tree where t is number of terminal nodes (see Hagberg
et al. (2008)). The library uses the Kruskal algorithm
(Kruskal (1956)) for the resolution of the problem.

Case study

Description of the studied area

The area studied in this paper is part of the city of
Sion in Valais, Switzerland. It has an area of approxi-
mately 24.6 ha and is situated in the south of the city.
A general overview is given in Figure 8. Four build-
ings have to be pointed out: an ice rink, a swimming
pool, and two schools. These are the large consumers
of the studied area. For these consumers, the energy
signature model which is applied does not give ac-
curate results. In the case of a real implementation
of a thermal network, more accurate data about their
consumption should be gathered. For example, direct
measurements could be used.

Preliminary processing

As no real threshold temperature data are available,
the ones provided by Girardin (2012) for the city of
Geneva are used. Basically, the temperature thresh-
old for cooling is situated at 18°C. The external tem-
perature, on the other hand, is extracted from a
server3 which collects temperature measurements at
the location of the considered city. An overview of
the buildings demand is provided in Figure 8.

Comparison bespoke vs. MILP solving tech-
niques

Multiple solutions are generated with the two solving
methods and are then compared. The solutions are
generated for the following configuration: agglomer-
ative clustering with single linkage, manhattan affin-

3see meteotest.ch for more information

Figure 8: Area studied for the implementation of the
thermal network and associated cooling power demand

ity, 9 clusters of buildings. A thousand integer cut-
s/bespoke solutions are generated. One can find the
solution generated at each iteration in Figure 9. A
few things can be highlighted. First, it can be ob-
served that the results produced by the bespoke solv-
ing method are on average better than the results
produced by the MILP. This is explained by the fact
that the domain of solution is better explored with the
bespoke generated solutions due to the intrinsic na-
ture of the bespoke method. Nevertheless, the same
optimal solution is found with both solving meth-
ods. Interestingly, this solution is found after a few
iterations only (after less than a hundred iterations
to be precise). The optimal solutions are pointed
out with circles (MILP: green circle, bespoke: red
circle). It can be observed that the optimal solu-
tion is found multiple times with the bespoke solving
method. More generally, identical solutions are found
recursively with this method, as it converges to the lo-
cal optimums. A modification of the algorithm could
avoid the repetitive generation of such identical so-
lutions. Finally, the bespoke method appears to be
computationally more costly; for the tested configu-
ration, the bespoke solving method takes about 30%
more time to solve the problem.

With these results one could question the relevance
of using the bespoke solving method. Even if the
bespoke solving method is reliable and has found the
same optimum, its high computation time could jeop-
ardize its efficiency. Nevertheless, this method shows
multiple advantages. Firstly, it does not require the
use of a commercial license. Then, the bespoke solv-

Figure 9: Comparison of the MILP / Bespoke gener-
ated solutions
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ing method can generate solutions which are more
diverse than the ones generated by the MILP based
solving method. This strongly influences the panel
of solutions available while choosing an optimal solu-
tion with parallel coordinates. Finally, the bespoke
solving method could have the ability to solve the en-
tire problem while this is not the case for the MILP
based solving method. At the current state, both
methods solve the assignment problem based on the
cost of activation of the ground water wells and on
the connection cost between the wells and the associ-
ated closest point of each cluster. During the assign-
ment problem, the location of the substation cannot
be known and so the cost of the primary network
computed during the assignment problem and the fi-
nal cost of the primary network are slightly different.
Moreover, the slight influence of the secondary net-
work is not taken into account during the assignment
problem. For these reasons, the exact mapping be-
tween the solution of the assignment problem and the
corresponding final network remains unknown. This
problem could be tackled by inserting the topology
design directly in the bespoke resolution of the as-
signment problem. This would allow to find “real”
local minima and not only minima of the assignment
problem.

Investigated solutions

The quality of the solutions is influenced by multiple
factors: the clustering technique, the heuristic of the
clustering method, the number of clusters, the num-
ber of solutions generated, etc. The complexity of
the problem makes it computationally too costly to
generate solutions for all different possible configura-
tions. In order to reduce the computational cost, the
influence of each parameter was tested. The optimal
solution can thus be generated for specific parame-
ters and multiple computations do not need to be
achieved. A sensitivity analysis is carried out (not
presented in this paper) and it ends up that hier-
archical clustering techniques4 with single linkage5

show promising results. Both Euclidean and Man-
hattan affinities are considered (the affinities define
how distances are computed, i.e. using the Euclidean
distance or the Manhattan distance). These config-
urations are used in an attempt to find the optimal
solution.

Choice of the optimal solution

In total 2300 solutions are generated per solving
method using the configurations mentioned in the
previous Section. Among these solutions, a dozen
solutions with the lowest total costs are pre-selected.
The latter are plotted using parallel coordinates for a

4These techniques aim to find an optimal clustering by suc-
cessively merging and/or splitting clusters (Pedregosa et al.
(2011))

5Single linkage means that the distance between two clusters
is considered as the minimum distance between elements of
each cluster

multi-criterion based decision Figure 10a. Basically
the plot includes 6 vertical axes, one for each indi-
cator of performance evaluated. The latter are: the
total network cost (NC), the primary network cost
(PNW), the secondary network cost (SNW), the tor-
tuosity of the network (TortManHSP), the length of
redundant primary network (RedPrimNet) and the
number of activated sources (NaS). Then, each so-
lution is represented by a line which passes by each
indicator axis, at the value that is obtained. A color
bar is associated to the main indicator (the network
cost in this case).

A general observation of the results can be made.
Firstly, the generated solutions present a total cost
varying from 6.17 M CHF to almost 6.30 M CHF.
This represents a total cost increase of 3.7%. If the
primary and secondary network weights are evalu-
ated, it is observed that the secondary network weight
is the one which plays the most important role in the
network cost. Concerning the number of activated
sources, the solutions generated consider only 5, 6 or
7 sources. Obviously, solutions with 8 sources would
be too expensive to be competitive. The second to
last column shows tortuosity obtained for each solu-
tion. It ranges from 0.52 to 0.62. As it is, it allows
the user to choose solutions with the lower tortuos-
ity, but it would be impossible to tell for example
if a tortuosity of 0.52 is satisfying or not. Empiri-
cal knowledge about tortuosity in thermal networks
would be required to quantify it. Finally, redundant
meters of pipes in the primary network are evaluated.
It goes from 5 meters up to 120, which would induce
a large cost reduction.

With this parallel coordinates representation, one can
select the solution which is optimal according to mul-
tiple criteria. In this case, the five solutions with the
minimum network cost are selected. Then, the solu-
tions with the lowest tortuosity are selected. Finally,
the one with the lowest primary network cost is kept
and the optimal solution is pointed out (see Figure
10b). It appears that this optimal solution is also the
solution which presents the lowest network cost. This
solution is obtained for a hierarchical clustering with
single linkage and Manhattan affinity and this for 10
clusters. The solution is found by the MILP while
the bespoke solver failed to find it. The associated
network design can be observed in Figure 11.

The different clusters are highlighted by different col-
ors. The primary network is drawn in black, while
the secondary network is drawn in gray. The ground
water wells are illustrated by white circles while the
substations are represented by coloured circles, with
a color corresponding to their associated clusters.
Two independent clusters are created for the build-
ings with no energy demand (these two buildings are
shown in turquoise and in dark orange) and these two
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(a) Representation of the different solutions obtained
using parallel coordinates.

(b) Selection of the solutions with the lowest network
cost, tortuosity and lowest primary network weight. Se-
lection is highlighted with green arrows.

Figure 10: Selection of an optimal solution using par-
allel coordinates
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Figure 11: Illustration of the optimal solution ob-
tained

clusters are then not connected to any ground water
well. Five clusters also contain only 1 building, while
two clusters gather a large number of buildings. If
the power transmitted is analysed, it can be observed
that Source 6 supplies four different clusters. This
can be explained by its high capacity.

Conclusion

This paper proposes a methodology for the topology
design of thermal networks, in cases where the design
is constrained by the resolution of a capacitated facil-
ity location splittable problem. The methodology in-
cludes three steps, namely the preliminary processing,
the resolution of the CFLS problem and the topology
design. The resolution of the CFLS problem is per-
formed using a bespoke solving method. These results
are compared to those obtained using an MILP based
solving method and appear to be of similar quality.
The methodology is applied on a real neighborhood.
Multiple potentially good solutions are generated and
an a priori optimal solution is designated using par-
allel coordinates. Further developments such as the
pre-selection of buildings economically interesting for

a connection or the introduction of a temporal com-
ponent enabling urban planning over a few decades
are left for future research.
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