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Abstract

Given the challenges related to climate change and dependency from fossil fuels, modification of the energy systems infrastructure
to increase the share of renewable energy is a priority in urban energy planning. The high heating density in cities makes it more
economically competitive to deploy district heating (DH), which is essential for large-scale integration of renewable energy sources.
Combining georeferenced data with district heating design methods allows to improve the quality of the system design. However,
increasing the spatial resolution can lead to intractable model sizes.

This paper presents a methodology to spatially assess the integration of DH networks in urban energy systems. Given georefer-
enced data of buildings, resource availability and road networks, the methodology allows the identification of promising sites for
DH deployment. First, an Integer Linear Programming (ILP) model divides the urban system into spatial clusters (of buildings).
Graph theory and routing methods are then used to optimally design the DH configuration in each cluster considering the road
network in the routing algorithm. A Mixed-Integer Linear Programming (MILP) model is formulated in order to economically
evaluate the DH integration over the whole urban area.

The proposed methodology is applied to an example case study, evaluating the use of geothermal energy (deep aquifer) for direct
heat supply. The results of the optimization show the interest of deploying geothermal DH in some of the clusters. The profitability
of DH integration is strongly affected by the spatial density of the heating demand.

Keywords: Spatial Clustering, Urban energy systems, District Heating Network, Optimization, Geographic Information Systems
(GIS), Routing

1. Introduction 17 this framework, substitution of fossil fuels with renewable en-
18 ergy resources has been identified as a priority [[14]. Thus, the
optimal use of renewable energy resources and the sustainabil-

In Western Europe and North America, space heating (SH) ° ° g i '
ity of energy systems represent key issues in energy planning.

and domestic hot water (DHW) are the main contributors to 2

household energy demand. In European residential buildings, ,, In 2010, approximately 73 % of European Union (EU) resi-
about 57 % of the total final energy consumption is used for SH ., dents lived in urban areas [[6], where the highest share of the SH
and 25 % for DHW [5]. The European heat market for buildings .,  and DHW demand is concentrated. The high density of heat de-
is dominated by fossil fuels burned in decentralized boilers, ac- ,, mand in cities makes the deployment of DH more competitive
counting for two-thirds of the total domestic heat supply [0]. In »s  [T5] as it leads to lower DH network lengths, lower thermal heat
the residential buildings of the United States (US), 93.5 % of 5 losses and therefore lower investment costs. Furthermore, DH
the energy used for space heating is provided by natural gas, ,; offers the possibility of integrating heat resources that could
fuel oil, liquefied petroleum gas, and kerosene [2]. Concerns 5 otherwise not be used. These include excess heat from indus-
related to greenhouse gas emissions, climate change and secu- , trial processes, power plants or waste incineration. DH also
rity of energy supply are gradually leading to modifications in 4 allows to access large scale renewable energy resources such as
the thermal energy supply chain. Local authorities are pushed 5, geothermal, biomass or solar heat. DH penetration for heating
to make strategic decisions for the planning of heat supply, en- 5,  of buildings in the EU was 13 % in 2010 [6]. Nevertheless,
couraging the energy transition towards a low carbon future. Ing;  the availability of resources reveals an important potential for
s« DH expansion in some European countries [3[]. As an example,
35 in North-Eastern Europe more than 100 million people already
> s depend on DH [26]. In Denmark, DH is the dominant heat car-

*gor@p Ondm‘? author . iy a7 rier, accounting for 60 % of total heat supply in 2009 [30]. As a

mail address: jeremy .unternaehrer@gmail.com (Jérémy . . R .

Unternihrer) s comparison, in Switzerland DH provided only 2.8 % of the heat
"Present address: Chemin du Brunchenal 29b, 2805 Soyhiéres, Switzerland. 33 demand in 2007 [28]. Many studies analyze the potential of DH
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related to specific case studies. For instance, Gebremedhin [23] o7
studied the impact of DH in the city of Gjonik in Norway and ss
concluded that DH can lead to a significant reduction in terms es
of CO, emissions. 100
Among renewable energy sources for DH, some studies havero
highlighted the interest of geothermal energy integration. Hep-1o2
basli et al. [24] and Moret et al. [25] assessed that geothermalios
DH can provide heat at a lower cost than fossil fuel alternativesios
in the cities of Izmir, Turkey, and Lausanne, Switzerland,ios
respectively. Globally, geothermal energy accounted for 0.1 %106
of the energy supply in 2008 [[14]. It is projected to cover 3.5107
% of the global electricity production and 3.9 % of the finalios
energy for heat by 2050 [1]]. Fox et al. [4] showed that thereios
is a large potential for utilizing low-temperature geothermaliio
resources to meet the heating demand by direct heat use.i
Aquifers located under cities can naturally offer interestingii2
thermal conditions for building heat supply. As an example, theis
DH of Riehen, Switzerland, is mainly supplied by an aquifer,ia
from which around 25 kg/s of water at 65°C are extracted [29].115
116

Optimization models taking into account energy demand, en-117
ergy resources and energy conversion technologies are often de-11s
veloped to support the understanding and planning of urban en-11s
ergy systems. Due to the spatial dimension of the problem, theizo
use of georeferenced data is essential for assessing and prelim-iz1
inary designing DH solutions. In fact, the spatial configurationiz2
of the buildings connected to the DH network defines its lengthizs
and, consequently, its investment cost. In large cities such asizs
London [35]] and Berlin [36]], Geographic Information Systemsizs
(GIS) are used to analyze and visualize the heat demand distri-12s
bution in the city. Finney et al. [7] used GIS in order to inves-iz7
tigate the expansion possibilities of DH systems by identifyingizs
the existing and emerging heat sources and sinks. The method-i2s
ology is solely based on heat mapping, i.e. the heat sources asiso
well as the heat sinks in Sheffield, England, are identified andia
mapped. Nielsen et al. [8]] developed a GIS model to examineis
the potential for expanding DH in Denmark. This is performediss
by determining the cost of deploying DH in urban areas thatis
are not yet served. The output of the GIS-model consists of aiss
map showing the economic potential of each area for DH in-i3s
tegration compared with individual ground source heat pumps,is7
which are assumed to be the cheapest decentralized heat supplyiss
alternative. In their study, the areas in which DH expansionsizs
are evaluated are taken from the Danish Common Public Geo-140
database [34]. Moller et al. [9] presented a geographical studyi
of the potential to expand DH into areas supplied with natu-1s
ral gas. Their study uses a highly detailed spatial database ofiss
the built environment, its current and potential future energyias
demand, its supply technologies and its location relative to en-iss
ergy infrastructure. The cost of district heat expansion is eval-i4s
uated as a function of the heat demand density in the areas, theis
number of buildings to be connected, as well as the straightis
line distance to the existing network. Cost-supply curves basediss
on empirical methods are used to assess economic potential foriso
district heat expansion. Girardin et al. [11] developed a GIS-is:
based approach in order to evaluate the best zones to be coveredisz
by a DH system in a given geographical area. The geographicaliss

2

area is first divided into subsectors using the statistical sectors
provided by the authorities. An algorithm is proposed to es-
timate the DH network length connecting a set of buildings.
The length is computed based on the number of buildings, the
area covered by the buildings and a topological factor. Based
on the equidistance assumption, the model considers the calcu-
lated peak heat load to estimate the section of the pipes and the
required investment. In his thesis, Girardin [12] extended the
approach using a GIS-based Mixed-Integer Linear Program-
ming (MILP) aggregation mechanism in order to evaluate the
best zones to be covered by a DH system that has access to a
limited but high quality resource such as a waste water treat-
ment plant. As shown in [L1], the evaluation of the length and
the costs of future networks is an important issue in territorial
energy planning. Reidhav et al. [16]] evaluated the investment
cost of new DH networks based on data relating to an existing
DH network in Goteborg. The investment cost is empirically
defined as a linear function of the district heat delivered per
connected house. Persson et al. [15] proposed a method to es-
timate the distribution cost of a future DH system based on the
concept of linear heat density, which corresponds to the ratio
between the heat annually sold and the total trench length. The
linear heat density is reformulated and estimated based on a set
of parameters (such as the effective width initially introduced
in 1997 in [13]) that are empirically defined. Falke et al. [17]]
developed a method to determine the optimal heating network
design based on a heuristic approach that randomly generates
a variety of different DH network configurations for a specific
district.

In case of highly populated cities, the current computational
capacities do not allow the inclusion of each building as a sin-
gle instance in optimization models. Fazlollahi [32]] underlined
that the size of an optimization model for urban energy design
can increase considerably with the number of buildings. Thus,
optimization-based energy models are often limited to a small
number of buildings or a limited list of options (i.e. number
of conversion technologies, buildings and network). In order to
reduce the number of decision variables and thus the compu-
tational complexity, buildings can be aggregated into a smaller
number of clusters making up the city. A cluster is defined as a
spatially-limited energy subsystem including an aggregated en-
ergy demand (sum of the energy demand of the buildings in the
cluster) and a set of available technologies for energy supply.

Data clustering is widely applied in several disciplines to de-
crease computational time and reliability of results. Lam et
al. [10] proposed several model-size reduction techniques for
the analysis of large-scale biomass production and supply net-
works. The proposed merging method offers the best results
but it is not described as an automatic process. The zones are
manually structured based on the geographical locations, the
capacities of the zones and the regional development planning.
Fazlollahi et al. [32] presented a systematic procedure to repre-
sent an urban energy system with a macroscopic view as a set
of clusters. Clusters are formed by applying k-means clustering
techniques [33l]. The method achieves a representation of the
whole district while significantly reducing the number of de-
cision variables of the optimization model. No optimization is
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performed for the clustering and the clusters can only be formedzos
based on similarities between building attributes. 205
Thus, the main gaps identified in the literature are the fol-ze
lowing: i) Some studies do not include optimization methodszor
such as MILP for optimally designing urban energy systems.zos
Instead, only comparative analyses among different scenarioszos
using simulation models are performed. ii) Even when lin-210
ear programming is included ([L1] and [32]), the approachesii
are not adapted for the integration of a non-spatially limitecﬂm
resource. Urban zoning based on the k-means method or oneis
statistical sectors do not offer the possibility to fully controlz
the cluster-formation process. As an example, constraints forc-zis
ing the cluster sizes to meet the potential of a given resourcezis
(e.g. geothermal well) can not be imposed. iii) Furthermore,zi7
no method in the literature considers road networks for realisti-2is
cally connecting together all the buildings included in a futurezis
DH system. 220
Consequently, this paper presents an optimization-basedzes
methodology to spatially assess the integration of DH networkszz.
in urban energy systems. The two novel contributions of ourzes
work are: i) first an Integer Linear Programming (ILP) ap-es
proach is proposed for the spatial clustering of urban energyzss
system models. In practical applications, this is often an es-ze
sential step to reduce model complexity. The ILP approachzr
combined with georeferenced data allows to fully control thezes
cluster formation process. In this way, the heating demand ofze9
each cluster of buildings can meet the potential of the energyaso
resource of interest. ii) Second, routing techniques are usedss
to define realistic spatial configurations of DH network. Thezs
pipelines path is optimized in order to reduce the related costszss
and the thermal losses. The routing forces the DH pipelines to
follow the road network. The quality of the method is assessed,,,
by comparing the obtained network configurations with exist-
ing DH networks
The developed methodology is illustrated with an applied,
case study. The integration of geothermal energy in the City,,,
of Lausanne (Switzerland, 140’421 inhabitants) is taken as an ,
example case study in this work. An aquifer located under the
city represents a promising heat resource. =
First the methodology is presented including the data collec-**
tion, the spatial clustering, the estimation of the network lengths241
and the general formulation of the MILP urban energy model
(Section . Then, the results are obtained with the systematic
application of the methodology to the specified case study (Sec-**
tion3). 243
244

2. Methodology 2

246

235

Figure (1] offers an overview of the methodology. It is struc-247
tured in four phases: 1) data collection, 2) spatial clustering, 3)z48
estimation of DH network length and 4) cluster-oriented model-24

ing. After collecting building related data, the energy resourceszso
251

252
2 A non-spatially limited resource is defined as a resource which can be ex-

ploited everywhere in an area (e.g. geothermal energy resource). On the other
hand, a spatially limited resource has a specific location (e.g. waste heat from?
a power plant). 255

3

and the road network, spatial clustering methods are applied
on the buildings of the city that are not already connected to a
DH network. This step is itself divided into two sub-steps: a
preliminary clustering (optional) and the main clustering. The
main clustering is defined as an ILP problem. It aims at group-
ing the buildings into different clusters. The objective function
is the minimization of the total distance between the buildings
belonging to the same clusters. Buildings heating demand data
and availability of the resource are used in order to define the
constraints of the problem. A preliminary clustering based on
the k-means method [33]] is needed only when the calculation
load of the main clustering algorithm is too heavy. The objec-
tive of this step is to form small building groups (called subclus-
ters), which are then used as inputs for the main clustering step.
Georeferenced buildings are not required in the main clustering
step if the preliminary clustering is performed.

Based on the cluster configurations and on the road network
of the city, the minimum path connecting all the buildings in
a cluster is estimated. This step results from the combination
of different algorithms. The buildings are considered as com-
ponents of a graph as vertices. Delaunay triangulation [19] is
applied to define the edge configuration of the graphs. Based on
the road network (routing) and on the Johnson’s algorithm [21]],
the minimum path length connecting two buildings is computed
and corresponds to the weight of the edge that links these build-
ings. Then, the Kruskal’s algorithm [20] defines the minimum
spanning tree connecting all the buildings together.

Finally, a MILP urban energy system model based on the
clusters configuration and on the DH network lengths is applied
to economically evaluate DH integration in each cluster.

2.1. Data collection

Four datasets are necessary:

1. The geographic coordinates of the buildings (longitude X
and latitude Y).

2. The SH demand and the DHW demand of the buildings.

3. The spatial distribution of the energy resource.

4. The georeferenced road network of the city.

These data can often be provided by the local authorities.

2.2. Spatial clustering

2.2.1. Preliminary clustering

Running out of memory is a very common difficulty with ILP
problems. This occurs when the branch&cut tree reaches sizes
bigger than the available memory. Solving the main clustering
is not possible if the number of buildings is too large. Thus,
a preliminary clustering is performed using the k-means clus-
tering algorithm [33]] and georeferenced data. It is an efficient,
fast and simple method to group data points according to their
characteristics. This method is applied to divide a set of Ny
buildings into Ny subclusters according to their X and Y coor-
dinates. The number of subclusters N is a required input to the
algorithm. The method aims by iterative resolution at finding
the position of the subclusters’ centers u; € [uj, ..., un,] Which
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Figure 1: Overview of the entire methodology. Data types are represented with
colored symbols in order to show in which steps they are involved and used as

inputs.
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minimizes the total distance from the buildings to their respec-
tive subcluster’s centroids. Thus, the objective function of the
applied k-means process is expressed as follows:

Ny
min Z Z (X =X+ (Y =Y vy ()
s=1 beB,

where be [1,...,Ny] represents the building’s index. By is the
set of buildings which are assigned to the subcluster s. The
results of the k-means method depend on the starting cluster
centroid positions (”seed” randomly set). Thus, the clustering
is repeated several times using new initial cluster centroid posi-
tions and the configuration leading to the best value of objective
function is selected. y € [1,...,¥max] 1S an index corresponding
to the starting cluster centroids where ymax is the last starting
points configuration which will be tested. The algorithm uses
an iterative technique which is explained in details in the Elec-
tronic Supplementary Information (ESI). The preliminary clus-
tering leads to N spatially compact subclusters. On the one
hand, a high number of subclusters improves the accuracy of
the ILP model. On the other hand, the available computational
resources limit the ILP problem size. Thus, there is a trade-off
in defining the optimal number of initial subclusters. Ny is max-
imized as available computational resources permit (see section

3.3).

2.2.2. Integer Linear Programming model

This section presents the ILP model which aims at aggregat-
ing subclusterﬂ with the objective of minimizing the total cost
of connection. It is expressed as follows:

min Z Z d;jyij 2)

=1 j=
S-t-zyi,j =1
i=1

ijyi,j < VmaxVii

Vje[l..N] (3)

Vie[l..N,] (4)

j=1
> Dy = Vaini Vie [1.N] (5)
j=1

N
N, Pj

j=1
D i< ©)
P Vmin

N
N, 21 1%

-
iz )
i=1 Vmax

The configuration of the clusters is defined by the binary de-
cision variables y. They are represented in a NgxNg matrix Y,
defined as follows:

3«Subcluster” can be replaced by “building” in this section if the preliminary
clustering step is skipped
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Y= ®)

IN,,1 YN, N

where N; is the number of subclusters. y; ; is a binary de-
cision variable that declares if the subcluster j belongs or not
to the cluster i: if y; ;=1 the subcluster j belongs to the clus-
ter i, if y; =0 the subcluster j does not belong to the cluster i.
Each row Y corresponds to a potential cluster i and each col-
umn represents the subclusters which can be included or not in
each cluster. If a row contains only zeros, then no cluster is de-
fined on that row. If a row has at least one non-zero element, it
means that a cluster is defined on this row. The other non-zero
elements on the row show the other subclusters which are part
of the cluster, identified by their relative column number. The
row number identifies the central subcluster in each cluster.

The objective of the problem is the minimization of the sum
of all intra-distances of all clusters (Eq. [2). By definition, the
intra-distance of a cluster formed on row i is defined as the sum_
of the Euclidean distances between the subclusters included in
this cluster and the subcluster i. The Euclidean distance is cho-
sen if the preliminary clustering is applied (see section[2.2.1]) as
a subcluster can not be linked to a specific road. If the prelim-
inary clustering step is skipped and buildings are used as input
of the ILP model, Euclidian distances can be replaced by road
distances, computed as in section [2.3.2] The intra-distance of328
the cluster corresponding to row i is defined as follows:

NS
Z di i j
=

The subcluster i is the center of the cluster corresponding to™
the row i. The Euclidean distances between the subclusters are®*
represented in a symmetric matrix D as follows: %

6

7

329

330

(9)ss

332

di,
D=
st,l stst

di, N,
(10)

d;; is the Euclidean distance between the subcluster i and the?3
subcluster j and it is defined as follows: 337

338

d;; = \/(X = X2+ (Y, — Y, (11)0
340

X, and Y, are the longitudinal and latitudinal coordinates_,,
of the subcluster centroids, respectively. The diagonal of the ,,
matrix D contains only zeros since d;;=0. Figure [2]illustrates,
these distances separating the subclusters with a 2-dimensional_,
example.

Eq. 3] forces each subcluster to be included in only one clus-
ter.

The heating power demand of clusters is the sum of the heat-
ing power demands of the subclusters included in it. The pa-**
rameter P contains the heating power demands of the subclus-#
ters. The heating power demands considered in this ILP process®®
depend on the conditions and the objectives of the applied case?*
study. As an example, in the case study presented later in thissso
work (see section [3.3), the heating power demands are definedsst

345

5

SC : Subcluster
% : Subcluster centroid ®

O : Buildings

Figure 2: Illustration of the Euclidean distances between different subclusters.
In this example, a cluster includes the subclusters SC1, SC2, SC3 and SC4.
SC2 is the center of the cluster from which the distances are computed.

by the base load demand of the buildings which corresponds to
the DHW.

P1
P=] .. (12)
PN,
The heating power demand of the resulting clusters must be
in the range defined by a lower bound vy,;, and an upper bound
Vmax (Eq. fland Eq. 5). vmax corresponds to the heating power
available from the energy resource. Since the clusters have to
be adapted to the energy resource, the clusters’ heating demand
should be close to viax. Thus, a lower limit vy, is arbitrarily
defined. In this work, it is chosen as the difference between
Vmax and the third quartile of P.

Vmin = Vmax — 93(P) (13)

This difference between vy, and viax offers flexibility to the
solver in defining the cluster configuration.

Additional constraints are added in order to reduce the solu-
tion domain and save computational time (Eq. [6] and Eq. [7).
The number of resulting clusters can be preliminary estimated
as its limits depend directly on the total heating demand of the
buildings and on the fixed bounds vy, and vp.. Thus, the
maximum (minimum) number of clusters is equal to the sum
of all heating powers included in P divided by the lower (up-
per) bound i, (Vinax)-

Example application. For a better understanding, an example
is provided. Figure [3]illustrates a simplified configuration with
8 subclusters aggregated into 2 clusters. The abbreviation SC is
used for ’subcluster’.

The corresponding matrix Y calculated by the solver in this
example is shown in Eq. [T4]
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Figure 3: Example application of the ILP algorithm. The subclusters (SC)3ss
are aggregated into two clusters. A cluster includes the subclusters SC1, SC2,
SC3 and SC4, while another cluster includes the subclusters SC5, SC6, SC7
and SC8. The centers of the clusters corresponds to SC2 and SC6. The intra-*
distance of the first cluster is composed of d; 1, d» 3 and d; 4. The intra-distance391

0

of the second cluster is composed of dg 5, dg 7 and dg g. 392
393
394
395
0O 0 0 0 0 O0O0O0 396
1 1.1 1.0 0 0 O 397
00 0 O0O0O0OO0OTO 398
00 0 0 O0O0O0OTO 399
Yexample = 00 0O0O0UO0UO0O0 (14)400
o0 o0O01 111
00 0 O0O0O0O0TO
00 0 00 O0O0O0

401

402
The matrix Y in Eq. [14|shows that two clusters were created403

because two rows contained at least a 1. The cluster which is404
defined on row 2 is called c; and the cluster which is deﬁned405
on row 6 is called c,. Since the clusters are defined in rows 2
and 6, the centers of the clusters ¢; and ¢, are SC2 and SC6,
respectively. Thus, the intra-distances of the clusters ¢; and c;
are based on SC2 and SC6 respectively. In addition, the matrix
defines the composition of the clusters. As y2 1, ¥2,2, ¥2.3, ¥2.4
are equal to 1, ¢; is composed of SC1, SC2, SC3 and SC4. In
the same way, ¢; is composed of SC5, SC6, SC7 and SC8. The
intra-distance of c; is the sum of d, |, d>3 and d, 4. The intra-
distance of c, is the sum of d¢s, dg7 and deg. dro and deg
are equal to zero. The objective value is the global sum of the
intra-distances.

The expression of the ILP problem problem ensures that:

e The resulting cluster configuration leads to a minimum
sum of the intra-distances. This is controlled by the ob-,
jective of the ILP model. o7

408

e The heating power demand of clusters ¢; and c, is in-4s
cluded between v, and vy.x. This is controlled by theso
constraints. 411

6

2.3. Estimation of the length of the DH networks

The goal of this section is to estimate the length of the DH
networks (Lpy) in each cluster. The lengths are computed based
on graph theory methods [22]. In this framework, the buildings
are the vertices whereas the possible DH network paths are the
edges. Each edge is assigned a weight. As the DH pipelines
are generally constrained by the road network, the weight of
each edge corresponds to the length of the shortest path con-
necting the buildings located along the road network. DH net-
work length is calculated by applying one after the other the
Delaunay triangulation [19]], the Johnson’s algorithm [21] and
the Kruskal’s algorithm [20]. It is assumed that the DH network
modeled in a given cluster connects all the buildings belonging
to this cluster. Thus, for each cluster, the algorithms are applied
to the entire set of buildings.

2.3.1. Delaunay triangulation: graph definition

The Delaunay triangulation [19]] is used to define a config-
uration of edges which connect all the buildings together in a
cluster. The set of vertices and edges forms a planar graph. The
use of a planar graph ensures that the possibility of connecting
buildings that are far away from each other is excluded. Ad-
ditionally, the Delaunay triangulation maximizes the minimum
angle of the triangles in order to avoid skinny triangles. From
a set B, corresponding to the buildings included in the cluster
ck, the Delaunay triangulation defines an optimized planar and
connected graph G, in order to create paths between each pair
of buildings. The triangulation is based on the building loca-
tions and on the Euclidean distances between them.

G, = B¢, E,) Vke[l,...N] (15)

B, and E, correspond to the set of vertices and to the set of
edges of G, respectively. N is the total number of clusters. e;;
is the edge connecting buildings i and j. As an example, Figure
M illustrates the application of the Delaunay triangulation to a
set of buildings.

Ck_ _ Ck
rFETEEEEEEsE- \ roTTEEEEESs- \
1 1
b, ! b, '
1 4 1 4
[ 1 e 1
: bz. 1 1 b, 24 |
| ! e3’4|
I |# . |
: ® | Delaunay ' €12 |
' b bs ITriangulationI b b3
e : , D1 €13 :
\ ”, \ 7z

Figure 4: Example of a Delaunay triangulation applied to a small set of build-
ings b; included in a cluster cx. B¢, corresponds to the vertices set [by, bz, b3,
bs] and E, corresponds to the edges set [e12, €13, €23, €24, €34]. As the graph
is planar, there is no connection between by and by.

2.3.2. Johnson’s algorithm: routing

The weights of the edges presented in Eq. are the Eu-
clidean distances between the buildings. However, these dis-
tances do not reflect realistic paths for DH networks. Thus, a
new weight is computed for each edge on the basis of the road
network. Johnson’s algorithm [21] is used to find the shortest
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paths between all pairs of buildings taking into account the roadssr
network. Figure [5|shows an example of routing applied to twouss
buildings. The network is composed of road segments r. 1; isas
the length of the road segments r. The new weight d;; is theso
sum of 1. for the road segments that compose the shortest pathas
(SP;;) between the buildings b; and b; as expressed in Eq. 442

443
d,',j = Z 11—

(16)
reSP;;

If in the raw data the buildings are not directly linked to the
road network, they are connected to their closest road segment
before applying the Johnson’s algorithnﬂ This forms addi-
tional road segments. As an example in Figure 5] r; and 11>
are additional road segments.

After defining the weights of the edges included in E, the
Kruskal’s algorithm is applied in order to compute the shortest
path to connect all the buildings in the cluster cy.

g . \ T

® Buildings
Roads
* Network nodes

Figure 5: Application of the routing to two buildings. The edge weight d;; be-
tween the buildings b; and b;. d;; is the length of the minimum path connecting
b; and b; following the road network. e;; is the edge generated by the Delaunay
triangulation connecting b; and b;. The segments r are the road segments. The
nodes of the road network are represented by star symbols and correspond to
intersections or changes of direction.

444

445
2.3.3. Kruskal’s algorithm: minimum spanning tree s

The Kruskal’s algorithm [20] determines the Minimum,,,
Spanning Tree (MST) in a connected and undirected graph. A,
MST is a spanning tree (subset of vertices and edges without,,
cycles connecting all vertices) in which the sum of the edges,,,
weights is minimal. In other words, this algorithm determines,,,
the shortest path connecting all the vertices according to the,,,
configuration of edges in a graph. The Kruskal’s algorithm is
applied to the graphs G, presented in Eq[T3] using the edge,, .
weights computed with the Johnson’s algorithm. Thus, a MST

is defined in each cluster as follows: 54
455

MST,, = (Be,, Te,) Yk e[l..Nc] (17):Zj

458

4These connections can be performed automatically by using the “Net-**?
works”™ plug-in (https:/github.com/crocovert/networks/) available for QGIS*6°
software [43]] 461

7

T, is the set of edges of the MST included in the cluster cy.
The edges t;; correspond to a subset of the edges e;; which is
chosen to form the MST. As an example, Figure[fillustrates the
Kruskal’s algorithm application based on the previous example
in Figure [d] The road network does not appear in Figure @] for
visualization reasons. However, the weights of the edges e;; are
based on the road distances as shown in Figure 5]

b I Kruskal's
31 algorithm

Figure 6: Kruskal’s algorithm applied to a small set of buildings included in a
cluster cx. Te, corresponds to the set of edges [ty 2, t2 4, t3.4].

® Buildings
Roads
* Nodes

Figure 7: Minimum Spanning Tree connecting three buildings. Certain edges r
are taken into account in several weights d.

When calculating the length of the DH network, duplicates
of road segments r included in the weights of the MSTs need to
be removed. As an example, in Figure |/| segments ri; and r|;
are counted twice. The duplicates of ri; and r, are removed.
The length of the network linking the three buildings in Figure
is the sum of the lengths of the edges 1y, 15, 15, 16, 17, I3, T9,
T10, I'11, I'12 and 3. More generally, the length of a DH network
is defined as the sum of the edge lengths I; forming the shortest
paths (SP) of the MST after removal of duplicates.

2.4. Cluster-oriented energy system modeling

Based on the obtained clusters configuration and the cal-
culated DH lengths, a Mixed-Integer Linear Programming
(MILP) urban energy system model is developed. It is a general
formulation (superstructure) allowing all the possible configu-
rations of investigated energy systems. The model is a simpli-
fied representation of an urban system accounting for the en-
ergy flows within its boundaries. The cluster-oriented model is
represented in Figure[§] The same superstructure is defined for



462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

489

490

491

492

494

495

each of the clusters, but taking into account parameter valuessss
which are cluster-dependent (e.g. energy demand, DH length ez
etc...). In this way, the option of centralization can be evaluatedass
simultaneously for all the clusters in the urban area. 499
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Figure 8: Conceptual cluster-oriented urban energy system model. Res is the
abbreviation for resources.

The heating power demand of each cluster is the sum of the
heating power demand (SH and DHW) of all the buildings in-
cluded in the cluster. Resources are converted by energy con-
version technologies in order to satisfy end-use energy demands
such as SH and DHW. Heat production is separated into cen-
tralized and decentralized. For centralized cases, a DH network
delivers the produced heat to the consumers. The heat deliv-
ered by decentralized technologies meets the heating demand
directly. The DH option, if chosen, connects all the build-
ings in a cluster. Thus, the heating demand cannot be satis-
fied with a combination of centralized and decentralized tech-
nologies, i.e. the cluster heating demand is satisfied by either
centralized technologies or decentralized technologies. Ther-
mal losses generated along the DH network (Q,) are included
in the model and are approximated as shown in Eq. Spe-
cific constraints are added to make sure that the “Losses” unit
is activated if and only if the DH network is used for a cluster. so1

502

503
(18)s04
505
where Tgroung is the ground temperature, U is the overall lin-sos
ear heat transfer coefficient, Lpy is the DH network length andso
Tsupply/ Trewrn are the supply/return temperatures of the DH net-sos
work. 509

The different resources, technologies and demands are de-st
fined as "units” (u). U corresponds to the set of units of thest
entire system. Each unit has inputs and outputs, which canst2
be thermal, electrical or mass flows. The model is based ons's
the formulation in [42]], in which more details are available. Ast4
multiperiod expression dividing the year in four periods (win-s1s
ter, mid-season, summer, peak) is adopted in order to accountse
for seasonality. Thus, the temporal fluctuations in the buildings”

heating demand are included in the analysis. For each buildings1s
519

Ql =U- LDH : ((Tsupply - Tground) + (Treturn - Tground))

520

3Personal communication with the CADOUEST company [43]] 521

8

and each period, the average heating power demand is consid-
ered. The peak period represents the extreme conditions and it
is used for the sizing of the energy technologies.

The general MILP model formulation is expressed as fol-
lows:

min Cor = 3. (Cntw) + Y Coplu0) (19)
uelU teT
s.t.  Use,(u,t) > useg(u,t) (20)
YuelU,VteT
fnin(W)Use,(u,t) < Mult,(u,t) < fi.x(0)Use,(u,t) (20
YueU,VteT
Use,(u,t) < Use(u) 22)
YuelU,VteT
Mult,(u,t) < Mult(u) (23)
Yue U,VteT
Ciny(0) = Cinyfix(WUse() + Ciny,var(WMult(n) (24)
Yue U
Cop(u,t) = (Cop fix (W) Use (u,t) + Cop var(WMulty(u,1))top(t)
(25)
YueU,VteT
D Gin(DMulty(0,0) = " dow(utDMulty(,0) = 0
ueU, uelc
(26)
VteT,VleL,VceC
D it in(U,tres)Mult (u,0)
ueU
- Z Myes our (Ut res)Mult, (u,t) = 0 27)
ueU

Yt €T, Vres € Res

The objective of the MILP model is to minimize the total an-
nual cost of the entire energy system (Cy,,), which is the sum of
the total annualized investment (Cjy,,) and of the yearly operat-
ing cost (C,p) of the units (Eq@. The investment cost is lin-
earized as the summation of two components, Ciny fix and Ciny,yar
(Eq. Cinv,fix 18 the fixed investment cost, activated if the unit
is purchased while ciyy var 1S the variable cost associated to the
size of the unit. In the same way, the operating cost is linearized
as the summation of two components, Cop fix and Cop var (Eq@.
Cop,fix 18 the fixed operating cost activated if the unit is operated
in a period while cqp vor is the variable operating cost associated
with the size of the unit output in a given period.

The binary variable Use; defines the use of a unit in a given
period. If Use,(u,t)=0 the unit u is not used during the period t
while if Use,(u,t)=1 the unit is used. The binary parameter usey
can force the use of a unit in a given period (Eq[20). The uti-
lization rate at which a unit is operated in a given period is de-
fined by the variable Mult,. Unit inputs and outputs are defined
for the default size of the unit and are proportionally scaled
based on the value of this variable. The parameters fy;,(u)
and f,,x(u) represent the minimum and the maximum size of
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the unit u respectively (Eq2I). A unit is called "process” if
user(u,t)=fin (W)=t (W)=1, otherwise it is called "utility”. The
variables Use and Mult are associated with the investment deci-
sion. They consider the decisions of purchasing the unit (Eq[22)
and the installed size (Eq[23)) according to the default size, re-
spectively.

The thermal flows are separated into different categories in
order to ensure realistic exchanges. For example, a thermal flow
exiting a centralized unit cannot directly supply the consumers,
as it has to pass through a DH network beforehand. Thus, the
output thermal flow exiting the centralized unit and the input
thermal flow entering the DH network belong to the same cat-
egory. The set including the different categories is called L
with reference to the concept of Layers as in [42]]. The ther-
mal power balance is respected independently in each cluster
¢ € C and for each period (Eq[26). Differently from [42], theress
is no heat cascade in this formulation. Heat is just treated as as7
first principle energy balance, divided into temperature levels.578
U. corresponds to the set of units included in the cluster c. Thes™
parameters (o, and (i, are the default thermal powers whichss
are delivered and required by the units, respectively. As a sim-5s!
plification, the mass flow rate variations in the DH network arese2
not considered in the MILP model. However, a further analysissss
including the flow rates in the pipelines is essential for inves-584
tigations more focused on the operational aspects of the DHses
network. 586

On the other hand, the mass/electrical flow balance 1is58”
respected over the whole system for each period (Eq[27).se
Myes out(U,t,1res) is the default input flow of the resource res re-se
quired for a unit, whereas e oy (U,t,res) is the default outputseo

flow from a unit. 591
592

593
3. Results: the case study of a geothermal resource 594

595

3.1. Presentation of the case study. 556

The approach is applied to the integration of a geothermalse?
resource in the city of Lausanne (Switzerland, 140’421 inhab-ses
itants in 2015) which is taken as an example case study. Theso
total heating demand of the city is estimated to be 1660.4 GWhsoo
in 2012, representing 59 % of the total final energy demandso
[31]. An existing DH network, supplying about 21 % of thesoz
city’s heating demand in 2012, is powered by a Municipal Solidsos
Waste Incineration (MSWI) power plant (60 %), fossil fuelsso
such as gas and heating oil (36.2 %), and a Waste Water Treat-e0s
ment Plant (WWTP) (3.8 %) [31]. The projected expansionsos
of the DH network offers an opportunity for the integration ofsoz
geothermal energy. A Malm aquifer is located under the citysos
and could be exploited as a heat resource for direct heat supply.so
The temperature of the Malm aquifer is estimated to be 65°Csto
and the expected mass flow rate is 25 kg/s [25]. Figure [Q]showss!1
the geothermal DH system modeled in the framework of thisst2
case study. This simplified geothermal system configuration is
based on the DH case of Riehen [29]] where the geothermal re-6'3
source has similar characteristics to the one in Lausanne. 614

The supply and return temperatures of the DH network dur-sis
ing summer are assumed to be 60°C and 45°C respectively. Insis

9

Boiler Existing DHN

Al

Heat exchanger

60 - 90°C

Heat pump

50°C |
Injection well \—(%3'“'“
J valve

3-way
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45°C

60°C

, :_L

Heat exchanger

Production well
max. 25 I/s

Figure 9: Schema of the energy system installation.

colder periods, the supply temperature is expected to increase
up to 90°C whereas the return temperature is assumed constant
over the year. The supply temperature conditions ensure that
the total heat demand (SH and DHW) is met all year round.
The minimum supply temperature is fixed at 60°C to satisfy
DHW demand [39].

The geothermal fluid is pumped from a production well and
is re-injected into the ground after delivering heat to the con-
sumers. The geothermal system configuration depends on the
temperature of the fluid and on the nature of the heating appli-
cation. In this case, as shown in Figure E] heat extraction from
the fluid is performed in sequence by firstly exchanging heat di-
rectly and then passing through the evaporator of a heat pump.
The amount of heat which can be extracted by means of the pri-
mary heat exchanger is limited by the return temperature of the
network. Heat pumps are used to recover the part of heat which
cannot be recovered by direct exchange, i.e. when the geother-
mal fluid reinjection temperature is lower than the return tem-
perature of the network. This system configuration allows to
fully exploit the geothermal resource. Thus, the heat pump as-
sists the primary heat exchanger, supplying additional heat from
the fluid and completely exploiting the resource. The max-
imum thermal power delivered from the aquifer is estimated
to be 3’780 kWy, [25], cooling 25 kg/s of pumped water from
65°C to 29°C. Only a part of this thermal power is used in sum-
mer. On the other hand, in winter the demand is higher than the
heat available from the geothermal well. A centralized natural
gas boiler is included in the DH system in order to satisfy the
higher demand in these months. A DH network already exists
in Lausanne. The option of connecting the new DH networks
to the existing network is considered by means of an additional
heat exchanger. According to [31]], the existing MSWI of Lau-
sanne produces a heat excess during summer. Around 97 GWh
per year are used today in the second stage of the condensing
turbine of the MSWI to produce electricity with very low ef-
ficiency. This excess heat could be more reasonably used for
heating instead of electricity production.

3.2. Data collection

The annual SH and DHW demand of the buildings of Lau-
sanne (Qsy and Qg respectively) are provided by the center of
energy research of Martigny (CREM), Switzerland [37]. From
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this data, the seasonal average SH power demands of the build-sss [LT] presents the CPU time and the maximum memory required

ings are estimated based on the seasonal distribution of the heat-ss
ing demand presented in for the buildings of Lausanne. It
is assumed that there is no SH in summer. More information
concerning the evaluation of these seasonal heating demands is
available in the ESI. Additionally, the CREM provided the ge-
ographical coordinates of the buildings. This data is based on
the federal register of buildings and accommodations [44]).
Seismic investigations performed during the last decades
provide a good geological characterization of Lausanne. The
Malm’s depth estimations (varying between 1’400 m and 1900
m over the whole city) were provided by the Laboratory of Soil
Mechanics (LMS, EPFL) with an horizontal resolution of 20
m [27]. The latter allows an evaluation of the spatial distri-
bution of the drilling investment costs over the whole urban
area, assuming the use of 2 wells (production and injection
wells). Figure |10] shows that investment costs range between
6.23 MCHF and 9.43 MCHF. The lowest drilling cost is lo-
cated on the southwest area of the city whereas the maximum is™
found on the northeast side. The cost evaluation was performed656
in this study using the software GEOPHIRES developed at the™
Cornell Energy Institute [38]. o

8
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6.23"

- 7030w
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m8.63
9.43

0 750 1500 m

Figure 10: Drilling investment costs (2 wells) mapped over the City of Lau-
sanne. The color distribution shows the corresponding investment costs for
each location in the city. Satellite image: Landsat 7 image, 2016.

The georeferenced road network of the city of Lau-
sanne was provided by the "OpenStreetMap contributors (©) -
http://www.openstreetmap.org/” .

3.3. Spatial clustering

The clustering method is applied to the 6’224 buildings
which are not yet connected to the existing DH network. As dis-
cussed in section [2.2.1] a high number of subclusters improves™’
the quality of the ILP clustering step. Thus, the ILP model has™®
been tested using different numbers of subclusters in order to*™
assess the corresponding computational needs and define the®”
maximum number of subclusters to be generated for this case
study. The available computational resources used for the tests
are limited to one compute node including 2 processors run-

ning at 2.2 GHz with 8 cores each and 32 GB of RAM. Figure

10

for the branché&cut tree against the number of subclusters.
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Figure 11: Solving elapsed time and memory requirement of the ILP process
with different numbers of subclusters.

Figure[T1]highlights significant and quite irregular variations
in time and memory depending on the number of subclusters.
Small variations in the number of subclusters can lead to large
variations in terms of needed computational resources. In gen-
eral, despite some oscillations, time and memory increase with
the number of variables. The resolution of the model is limited
by the memory requirements and not by the solving elapsed
time. Even if the memory requirements exceed the available
32 GB with 380 and 400 subclusters, the model can be solved
with 410 subclustersﬂ Thus, the number of subclusters Ny is
set to 410. Figure[T2]presents the resulting subclusters formed
by 6’224 buildings grouped into 410 subclusters.

Figure 12: The buildings of the city represented as points and grouped in 410
subclusters. Satellite image: Landsat 7 image, 2016.

The ILP model was run with and without the two added con-
straints presented in Eq. [6] and in Eq. Figure [[3] shows
the required computational time with different number of sub-
clusters in the two cases. It is demonstrated that the saving of

®In case the preliminary clustering is not applied, the number of buildings
used for the ILP would be 6°224. This situation can not be solved as the prob-
lem complexity increases with n2.
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computational time is significant by adding the constraints. As
an example, the computational time is reduced by a factor of
5.3 for 170 sublusters.
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Figure 13: Required computational time with and without the added constraints
presented in Eq. [6and in Eq.[7}

The definition of the bounds v, and vy depends on the
availability and the exploitation mode of the energy resource.
The size of clusters is adapted to the power available from
the geothermal well. Geothermal facilities have high invest-
ment costs and their economics depend strongly on the amount
of heat extracted from the geothermal fluid. The SH demand
of buildings fluctuates significantly over the year. Geother-
mal installations sized to meet peak demand are under-utilized.
Einarsson [40] showed the advantages of using geothermal fa- |
cilities as baseload to overcome this problem. A baseload
power demand corresponds to a heating power demand which s,
constant over the whole year. However, to our knowledge there_
are no clear design rules for sizing the centralized geothermal
facilities given the seasonal distribution of heat loads. Exist-
ing geothermal case studies showed that differences in resource
conditions and in heating demand can lead to different system
designs. Harrison [39] presented two alternative design options
based on real case studies: the full coverage and the partial cov-
erage approaches.

1. In the cases of low drilling costs and spatially dispersed
heat demand involving high connection costs, it is eco-
nomically more interesting to size geothermal based on
peak demand. This approach is called the full coverage
approach. It is typically found in the US where thermal
gradients are high and thus high well head temperatures
are common as shown in the Figures [[4a]and [14b] Indeed,
this approach implies that the geothermal well is oversized
for periods of low heat demand. 20

2. In the cases of high drilling costs and spatially concen-,,,
trated heat demand involving lower connection costs, it is,,,
economically more interesting to size the geothermal well ,,
based on baseload demand. This approach is called the,,,

partial coverage approach. It occurs for example in France,,,

where the thermal gradients and the well head tempera-,,,

tures are lower as shown in the Figures [T4aand [T4b] 207

In Lausanne the outdoor temperature varies significantly over’®®
the year. Thus, heat loads fluctuate along a wide range of val-
ues (from 78.5 MWy, up to 523.1 MWy, during the peak pe-
riod [31]). The geothermal resource conditions in Lausanne arerzs

11

Temperature ( °C)
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200 1000 X French Schemes
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Depth (km) Peak thermal power (MW)

(a) (b)

Figure 14: Different geothermal well installations in the USA and in France.
Figure @ shows the relationship between well head temperatures and well
depths for several US and French geothermal heating facilities [39]. Figure
@ shows the relationship between theoretical well powers and peak power
demands for some US and French geothermal installations. The theoretical
well power is calculated from well head temperature, production flow and an
assumed return temperature of 40°C [39].

similar to the ones observed in France. The spatial heat demand
density is considered as concentrated. These observations jus-
tify the choice of the partial coverage approach. This decision
is supported by the geothermal DH system of Riehen, where the
partial approach was also applied [29]. Based on [39] and [29],
Figure T3] shows typical heating load curves of a heat pump as-
sisted geothermal installation in a partial coverage approach.

—— Heating power demand

Back-up

Thermal power

Duration time [h] 8760

Figure 15: Typical heating load curves of a heat pump assisted geothermal
installation in a partial coverage approach.

In the present case study, it is assumed that the heat load of
DHW, constant over the whole year, is directly satisfied by the
heat extraction across the primary heat exchanger. Thus, the
parameter vy« in the ILP model is set to the maximum thermal
power extracted across the primary heat exchanger (QHE,maX)
minus the thermal losses occurring along the DH network (Q,)
as shown in Eq. 28] Based on existing data about the DH net-
work of the city of Lausanne, the thermal losses in summer are
set equal to 30% of the heat production.

Vmax = QHE,max - Ql ~ QHE,max -03- QHE,max (28)
As shown in Eq. QHE’maX is a function of the maximum
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mass flow of the geothermal fluid (rh), the specific heat capacityzs2
of water at constant pressure (c,) and the temperature differencezs
of the fluid between the inlet and outlet of the heat exchangerzes
(ATgeo, 5E = 65°C-50°C). 765

766

QHE max = M- Cp - ATgeo HE (29)767

According to Eq. [13]and Eq. 28] vmax and viiy are set equal
to 1’098 kWy, and 1’054 kWy, respectively. This assumes 1deal
heat exchanges. Thus, the cluster sizing is based on the sum- 7
mer conditions and the geothermal well is oversized compared771
to the heating demand in summer by a minimum factor of 3.44.
This factor is the ratio between the maximum thermal power773
which can be delivered by the geothermal fluid (3’780 kWy,)
and vpax (1’098 kWy,). This result is coherent with the heat-
ing load curves of the geothermal installation in Riehen [29]
and with the results in [39]]. The parameters set P presented in
Eq[T2]corresponds to the DHW demand of the buildings, which
is considered constant over the year. Figure[I6] presents the ter-
ritorial configuration of the 16 clusters resulting from the ILP
process.

750 1500 m

Figure 16: Spatial configuration of the resulting clusters. The centroids of sub-;,4
clusters are represented by black points. Even if the DHW heating demand is
similar in each cluster, their size vary significantly according to their location.
The spatial density of the DHW heating demand is higher in the city center.””®
Satellite image: Landsat 7 image, 2016. 779

780
781

3.4. DH network length estimation 782

In order to compare the validity of the DH length estimation’®
presented in section 2.3 with real cases, the methods are applied’
to a set of 399 buildings currently connected to the existing DH"®®
network. This comparison is shown in Figure Figure [T7a]*
shows the existing DH network connecting the buildings. Its to-"*
tal length is 23’235 m. This length is exclusively based on the
latitudinal and longitudinal coordinates. Variation in altitude is7ss
not considered here. Figure [[7b] shows the modeled DH net-
work configuration. Its total length is 24’132 m, 3.7% hlgher o0
than the real one. This is explained by the imperative usage of
the roads network for the pipelines. Detours are unavoidable if
the DH network is forced to follow the roads. As an example,
the black arrow in Figure[T7b|shows a typical detour implied by
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the routing method. Moreover, the map of the real DH network
provided by the city is not precise enough since some buildings
are not perfectly connected to the network. On the other hand,
if the Johnson’s algorithm is skipped in the methodology steps
and Euclidean distances between the buildings are considered
instead, the total length of the modeled DH network is only
13’482 m. This highlights the importance of the routing algo-
rithm. Thus, forcing the pipeline networks to follow the roads
offers a good approximation of the real DH network length. For
comparison, the method developed by Girardin et al. is ap-
plied on the example buildings set and a total length of 9°629
m is compute
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Figure 17: Comparison between the existing DH network and the modeled DH
network. Blue points represent the buildings while the red lines represent the
network pipelines. The length of the existing network (a) is 23’235 m. The
length of the modeled network (b) is 24’132 m. The black arrow shows a typical
detour implied by the routing method.

As an example, Figure [I8]shows the spatial configuration of
the DH network modeled in cluster 2. It illustrates the fact that
the modeled DH network is forced to follow the roads. In addi-
tion, detours are also observed for the two southernmost build-
ings.

The DH network lengths of all clusters are available in the
ESIL

The specific lengths are calculated on the basis of the DH
lengths. The specific length of a cluster is defined as the ratio
between its DH network length and its DHW demand. The
spatial distribution of the specific lengths is presented in Figure
[T9] The latter highlights low specific lengths in the clusters cq,
cs, €12, €13 and cje. This is explained by the higher building
density in the city center.

3.5. Cluster-oriented urban energy system modeling

Figure 20| presents the cluster-oriented urban energy system
model developed for the case study.

TThe topological factor of 0.23 is used. This is the default value available in
[TT] calculated for the City of Geneva, Switzerland.
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826

The energy resources are of two types: imported and indige—827
nous. In order to satisfy the demand in energy services, the city
imports oil, natural gas and electricity. Energy resources such
as municipal solid waste, dry sludge and wet wood are indige-
nous resources. It is assumed that indigenous resources are free®?
for the city, except for the wet wood which includes a harvest-*2°
ing cost. 830

The existing DH system of the city is modeled in the subsys-**'
tem co. It includes the WWTP, the MWSI, the centralized boil-**
ers (oil and natural gas), the network pipelines and the heating®®
demand of the connected buildings. A unit called "Inter-DHN"**
allows the transfer of the excess heat from cq to the other clus-%%
ters. If the excess heat cannot be fully transferred, the excess®™
heat sink (EHS) unit is used in order to close the thermal energy®”’
balance. 838

Clusters ¢ to cj¢ have the same superstructure, i.e. the same
unit models are included. Parameter values are adapted for each
cluster. Each cluster includes the following units: a geothermal
well (Geo. well), a primary heat exchanger (HE), a heat pump

13
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Figure 20: Superstructure of the whole urban heating system.

(HP), a centralized natural gas boiler (Central. Boiler), a de-
centralized natural gas boiler (Boiler), a DH network (DHN),
thermal losses (Losses), an interconnection DH network (Inter-
DHN) and the heating power demand including SH and DHW.
The unit parameters are available in the ESI. The different cate-
gories for the thermal flows are denoted "HC”in Figure[20] The
drilling investment costs of the wells are averaged over the area
of each cluster based on the data presented in Figure The
maximum heat transfer capacity of the primary heat exchanger
is fixed to 1’569 kW (QHE,max), as in Eq. The main parame-
ter of the heat pump is the ratio between the energy output (heat
delivered) over the energy input (electricity), named the coeffi-
cient of performance (COP). The COP depends on the operating
conditions (temperature difference). The relationship between
the heat load delivered Ql: , the electricity consumed E:, and the
COP is given in Eq.[30]
Q, = COP-E;, (30)
The real COP is expressed as a ratio of temperatures as
shown in Eq. B1]

T
CoOP=_—" .

31
Th - Tc,lm ( )

where Ty, is the temperature at the condenser (temperature
at the DH network), T,y is the log mean temperature at the
evaporator (temperature of the geothermal fluid) and 7 (0.45) is
the cycle’s second law efficiency compared to an ideal cycle.

The centralized natural gas boiler is used as a back-up in peri-
ods of high heating demand as shown in Figure [T5] The decen-
tralized natural gas boilers are aggregated and represented by
one unit. The price of the gas is fixed at 111.14 CHF/MW}ﬂ
It has to be noted that the considered gas price is quite high.
The thermal losses Q; generated along the DH networks are
computed based on Eq. [T8] presented in the methodology. The

8This price corresponds to a reference gas price for the year 2050 [41]]. It is
assumed that the price for the City of Lausanne is twice the import price at the
Swiss borders [42]].
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parameters Tgouna and U are defined as follows: Tgroung 18 as-szs
sumed constant over the year and equal to 10°C, U is assumedsrs
to be equal to 0.295 W/K/nf)}

Each cluster can receive the excess heat from c( throughers
the unit "Inter-DHN”. The latter represents additional networkszs
pipelines connecting the existing DH network and the poten-sso
tial new ones. The length of the “Inter-DHN” unit included inss
¢k is defined as the shortest Euclidean distance that can be ob-ss2
served between a building of ¢y and a building of cy. The Eu-sss
clidean distance is chosen here as a simplification. Heat trans-sss
fers among the clusters c{-c¢ are not permitted in the cluster-sss
oriented energy system model. This is motivated by the fact thatsss
in the clustering process the heat demand of each cluster is con-ss7
strained to match the heat availability of the geothermal well.sss
In this way, one geothermal well can satisfy the heat demand ofess
one and only one cluster.

Figure 21] presents the results of the optimization. The to-ser
tal annual costs per square meter of heated floor space is dis-se2
tributed among the different technologies for each cluster. Theses
costs of the cluster ¢y do not appear as they refer to an exist-ses
ing system, and thus they represent a fixed component in the
objective function. Results show that it is economically more
profitable to install DH systems in clusters cg, csg, €12, ¢13 and
cie. This is in line with the specific lengths shown in Figure[T9]
The investment cost of the DH network in the centralized clus-
ters represents an important part of the total annual cost (23.3%
on average). The cost related to the gas import represents on av-
erage 50.4% of the total annual cost for centralized cases. This
corresponds to a reduction of 33% on averagem compared with
the decentralized configurations.
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Figure 21: Distribution of the total annual cost per square meter of heated floor”
space in the different clusters. For each technology, the investment cost (Inv)898
and the operating cost (O&M) are represented independently. NG and Decsso

mean natural gas and decentralized respectively. Intra DHN is the network ing,,

each cluster.
901

902
In order to compare the benefits or the losses associated to_

the deployment of DH in each cluster, centralized and decen-_,
tralized options are compared for each of the clusters. Figure
[22] shows the total annual cost differences per square meter of
heated floor space between optimal centralized and decentral-_

ized options. The differences vary between -2.37 CHF/yr/m2908

909

9From discussion with the CADOUEST company, Lausanne. o1

10Based on a comparison centralized vs. decentralized scenarios for the five®!!
clusters for which centralization is economically optimal. 912

14

and 8.4 CHF/yr/m?. A negative (positive) value indicates that
the total annual cost is higher (lower) with a decentralized con-
figuration compared with a centralized one. It is economically
profitable to install a DH system in the clusters cg, cg, €12, C13
and cj¢. The greater benefits are offered by centralizing the
heating systems of clusters cg and c1, with 1.16 CHF/yr/m? and
2.37 CHF/yr/m?, respectively. On the contrary, clusters co and
c11 are the least suitable for centralization involving cost in-
creases of 8.4 CHF/yr/m? and 8.09 CHF/yr/m?, respectively.
Figure [23] shows the spatial distribution of these total annual
cost differences. The most interesting areas for a new DH in-
tegration are generally located in the center and in the south of
the city (cg, Cg, C12, €13 and cjg). This is explained by a shorter
DH network length required in these zones, which is a conse-
quence of the higher density of the heating demand. Moreover,
the investment cost for the wells are lower in these zones as
shown in Figure [I0] This is mainly due to the lower depth of
the aquifer in these areas. The application of the methodology
to the example case study highlights the economical interest of
geothermal energy for direct heat supply in some urban sites.

Total cost difference [CHF/year/rrF]

6 7 8 9 10 11 12 13 14 15 16
Cluster index

Figure 22: The total annual cost differences per square meter of heated floor
space between optimal centralized and decentralized options for the differ-
ent clusters. A negative/positive value indicates that the total annual cost is
higher/lower with a decentralized configuration compared with a centralization.

4. Discussion

The methodology allows a rigorous clustering of an urban
system based on optimization. Compared to other methods in
the literature (e.g. k-means) the proposed ILP approach allows
to fully control the clustering process. Moreover, the number
of resulting clusters does not need to be fixed but it is a result
of the optimization. The addition of case-specific constraints
offers the possibility to adapt the zoning to the local conditions
and objectives. As an example, in this work compact building
clusters are defined by adjusting their sizes to the availability of
a given resource. The set of constraints can be easily adapted to
different applications. As an example, the proposed ILP clus-
tering could be adopted for statistical analysis purposes.

Due to the high number of binary variables, a pre-clustering
is proposed to reduce the ILP clustering problem size. Results
highlight that the size of the ILP model is limited by the com-
putational resources (memory requirements). Thus, the use of
High-Performance Computing (HPC) is recommended in order
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to maximize the spatial resolution. Parallelization of the modelgss
on several compute nodes could be a future development.
Routing methods and graph theory allow to define a realis-*¢°
tic DH network configuration in each cluster. The application®
of Johnson’s and Kruskal’s algorithms optimizes the network®”
forcing the pipelines to follow the road network. Compared to°”
an existing DH network, the proposed method obtains a rela-°"
tive error of 3.7% in estimating the network length. The error®*
is much lower in comparison to other methods proposed in the®”®
literature (e.g. in [I1]]). The differences between the modeled®
DH network and the existing one can be explained by the fol-*7
lowing reasons: the path of the modeled network must imper-°"
atively follow the roads; connecting a building with its closest®™
road segment can lead to detours in certain particular cases; in®®°
real cases, DH networks use a ’loop configuration’ in order to®'
be able to close some segments for maintenance without inter-°¢
ruption of the service. The proposed method does not consider®®
the possibility of having loops in the network. 984

The methodology was applied to an example case study, eval-""
uating the integration of a geothermal energy resource. It is™
demonstrated in the case study that the definition of the param-987
eters Viin and vy« in the ILP model merit a thorough analysis.988
Differences in resource conditions and in heating demand can’
lead to different system designs. The proposed MILP urban en-""
ergy modeling approach offers the possibility to economically991
and spatially evaluate the integration of the resource. This can
be performed since the heating demand of each cluster meetsy,
the potential of the resource. Thus, a specific DH network can
be modeled in the different clusters. By comparing differentses
options for heat supply (i.e. decentralized boilers), optimiza-ess
tion identifies the most interesting sites for DH deployment.ses
The results of the optimization show the interest of deployingsss
geothermal DH in some of the clusters. The profitability ofesr
DH integration is strongly affected by the spatial density of thesss
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heating demand.

Spatial analysis can be a precious visualization tool for urban
energy planners. As an example, in this work GIS and maps
are used to show the cluster configuration as well as detailed
pipeline routes.

The generality of the methodology allows its application to
other resources and case studies. As the needed input data are
commonly available (e.g. for cities in Switzerland), the whole
methodology is readily reproducible for other cities. The ILP
clustering approach can be adapted to the specific local condi-
tions of the cities. This means that it can be used with other en-
ergy resources. As an example, municipal solid waste is a typ-
ical energy resource that could be integrated in the ILP model
as a municipal solid waste incinerator could be deployed every-
where in a city (non-spatially limited resource). The heating de-
mand of the clusters would be defined by the available amount
of waste. The combination of graph theory and routing methods
can be used to preliminary design optimal configurations of net-
works that are spatially constrained (e.g. by the road network).
As an example, the method can be applied for the preliminary
design of water supply or electricity networks.

5. Conclusion

A methodology for the spatial integration of DH networks in
urban energy systems is proposed. Given georeferenced data of
buildings, energy resource and road networks, the methodology
allows the identification of promising sites for DH deployment.

An ILP approach is used to define a rigorous spatial cluster-
ing of urban systems. Routing methods and graph theory are
used to model realistic and optimized DH configurations based
on the road network. A MILP energy model allows the eco-
nomic evaluation of DH integration in each cluster simultane-
ously over the whole urban area. The methodology is illustrated
by the application case study of a geothermal energy resource
for direct heat supply. The results show the interest of deploy-
ing a geothermal DH network in some areas of the city.

The inclusion of georefenced data in energy models is a
promising perspective in urban energy planning, in particu-
lar for the preliminary evaluation and design of DH systems.
This study proposes a methodology allowing the integration
of georeferenced information while keeping the model within
tractable sizes. Future developments could envision a paral-
lelization of the clustering ILP model on several compute nodes
in order to increase the available computational capacity. This
would allow the integration of a higher number of binary vari-
ables and thus a higher accuracy.
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