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Abstract. Optimal operation of generation units is crucial when looking for reduction in energy consumption and
carbon emissions in multi-energy systems (i.e. multiple generation sources, energy networks and storages). This
work proposes an innovative optimization approach that can be applied to energy systems composed by multiple
small units for the production and conversion of electricity, heating and cooling. The optimization is conducted
acting on the operation of the production units, the capacity and operation of thermal storage units and the
application of demand side management to the thermal network. The optimization procedure is based on a two-
level approach, combining a genetic algorithm and a linear programming approach and including a physical model
of the district heating network. Multiple scenarios corresponding with typical days are considered. An application
to a realistic system, which is optimized assuming an economic objective function, is performed. Results show
that thermal storage installation can reduce costs of about 1.5%, while its integration with demand-side
management leads to a cost reduction up to 4% and allows reducing the storage size.

Keywords: Multi-energy systems; system optimization; district heating; thermal network; thermal storage;
demand-side management.

1. INTRODUCTION

District heating and cooling systems are convenient and highly efficient solutions to move towards zero energy cities [1],
particularly in areas with high population density. By leveraging low-grade and sustainable energy sources, these systems
lead to substantial primary energy reductions for space heating and domestic hot water production resulting in a ground-
breaking technology for potential emission reduction [2], [3].

Currently, high-efficiency thermal plants, such as combined heat and power plants (CHP), are typically installed in district
heating systems to supply the base load [4]. The peak demand is usually covered adopting other technologies, often heat-
only-boilers (HOB). Thus, the occurrence of thermal peaks represents a crucial issue in district heating applications since
they lead to an overall reduction of the system efficiency [S]. Moreover, thermal peaks provoke undesirable increases in
the mass-flow rates circulating in the network. This compromises the opportunities for the expansion of existing networks
that cannot be subjected to high water velocities because of structural constraints [6].

For the above reasons, the identification of different strategies to cut the peaks (and fill the valleys) is attracting ever-
growing interest in the recent literature [7]. Among the different possibilities for shaving the peaks, an interesting option
consists in the adoption of Thermal Energy Storages (TES) that can be charged when the request is low (e.g. during the
night) and discharged when the request is high (e.g. during the start-up transient in the morning, owing to the night
attenuation of the heating systems). An analysis of the installation of a large water storage tank in a real district heating
system was provided by Verda and Colella [8], who performed a simulation of the Turin district heating network (powered
by CHP and HOB) and showed that net primary energy reductions up to 12% can be obtained. Another study, conducted
by Gadd and Werner [9], estimated the size of heat storages needed to eliminate daily heat load variations to about 17%
of the average daily heat supplied. A different possibility for thermal peak shaving is represented by “virtual storage”
[10], which is obtained through modification of the heating load of some of the buildings connected to the district heating
network. Thus, “virtual storage” is a Demand-Side Management (DSM) technique that exploits the flexibility and the
active role of the consumers in order to tailor the demand to the usability of the production and to increase the overall
efficiency of the system [5], [11]. In the last few years, this strategy, which is already widely adopted in the electricity



field to improve the electricity network operation [12], is becoming increasingly considered also in district heating
applications [13]. Peak reductions up to 35% are reported by different studies involving Demand-Response in real district
heating systems [14]-[16]. Also, the two different strategies for peak shaving (i.e. physical thermal storages and demand-
side management) can be simultaneously adopted to improve the performances of district heating networks: the effects
of TES and DSM are not overlapping, but complementary for the system perspective [17], [18].

Another important aspect that is worth to take into account when dealing with optimization of district heating systems is
represented by the increasing evolution towards smart energy systems [19]. The future generation of heating networks
will be part of an interconnected energy system, including heating, cooling, electricity, and gas grids [20], [21]. This
ongoing transition leads to the need to identify the synergies between the different systems: the optimal management of
district heating (and, by extension, of each other system) is no more only determined by the system itself, but also by the
other energy systems (e.g. electricity and cooling grids) to which it is connected. A great number of papers in the literature
deal with these innovative Multi-Energy Systems (MES) [22]-[24], which allow a greater exploitation of renewable
energy technologies and waste heat from industrial plants [25], [26] and will increase the already fundamental role of the
storages [27].

In this complex context, the development of a comprehensive optimization tool which is able to take into account all the
relevant features of MES becomes essential. The optimal plant operation is often not easily predictable due to the large
number of variables associated to the multiple layouts, the presence of conversion units and storages, the possibility to
perform demand side management, and so on. In the literature, the operation management of multi-energy systems has
been performed using different approaches. Specifically, a linear programming (LP) algorithm was chosen by Ren et al.
[28] to perform a multi-objective optimization of a distributed energy system. Most of the studies used approaches based
on mixed integer linear programming (MILP) to solve multi-energy production optimization. A MILP has been adopted
in [29] in order to schedule the operations for heating, cooling and electricity supply in a short-term framework. In [30]
the supply of heating, cooling and electricity has been studied taking into account the uncertainly on the load estimation,
by using a rolling horizon algorithm. The MILP approach can also be adopted for multi-energy system design, as done in
[31]. The adoption of non-linear programming (NLP) or Mixed Integer Non-linear programming (MINLP) is usually
reserved for problems highly non-linear, such as [32], [33]. These approaches focus the attention on the best operation of
the generation/conversion systems, often combined with thermal storages. Thus, the approach to the optimization used
by previous works is mainly based on the supply-side, while the combination of supply-side optimization and demand-
side management in the optimization of interconnected multi-energy grids is taken into account by few studies, especially
with regard to thermal users flexibility [34], [35], [36]. Moreover, most of these studies do not take into account the
thermal dynamics of the district heating network, despite their relevance is confirmed by numerous papers in literature
[371.[38].

The aim of this paper is to propose an approach to estimate the benefits of an optimal storage installation and optimal
demand-side management in existing multi-energy systems, and their possible combination. Specifically, the goal is to
develop a methodology to assess not only which are the more convenient production units to be used to satisfy the heating,
cooling, and electricity loads of Multi-Energy Systems, but also:

1. understand whether it is convenient or not to install a physical thermal energy storage within an existing Multi-
Energy system in order to shave the peaks and to optimize the production of the whole interconnected system
(also the cooling and electricity production, due to the possibility of converting energy from one form to one
another);

2. determine the optimal size of the storage to be installed in such system;

3. calculate the impacts of introducing thermal demand-side management in existing Multi-Energy Systems and
understand whether demand-side management is useful in combination with thermal storage to shave the peaks
and optimize the production.

These objectives are reached by means of a complex optimization tool that optimally selects a) the operation of the
generation units b) the optimal size of the thermal storage c) the thermal load shifting of each user (demand response), in
order to minimize the energy operation cost in a district Multi-Energy System. An important feature of the tool is that it
takes into account the thermal dynamics within the District Heating Network by accurately evaluating the change in the
plant heating load due to DSM through a physical simulation of the network.

The structure of the paper is the following: in Section 2, the layout of the multi-energy system is presented to explain the
structure of the problem; in Section 3, the optimization approach (including the structure of the algorithm, the optimization
variables, the constraints of the problem and the objective function considered in this analysis) is developed; in Section
4, a case-study is introduced; Section 5 discusses the results of different optimizations; finally, Section 6 is devoted to the
final considerations and the main conclusions that can be drawn from this work.

2. SYSTEM CONFIGURATION

The problem analyzed in this work deals with small-scale district energy systems, with heating, cooling and electricity
loads. The three major interconnected components of such systems are: the production units, the distribution networks,
and the customers. In the case considered in this paper, the various buildings are connected to a local production plant



through three distribution networks that provide the required heating, cooling and electricity to the customers: a district
heating network, a district cooling network and an electricity network.
The production plant can be composed by multiple technologies. In this work, the followings have been taken into
account:

e acombined heat and power plant (CHP);

e aheat-only boiler (HOB)

e aphotovoltaic plant (PV);

e an electric heat pump (EHP) for heating and cooling production;

e an absorption refrigeration unit (AR).
The following resources are used to supply the whole system:

e natural gas purchased from the national distribution system;

e electricity purchased from the national grid.
The electricity surplus, if present, may also be sold to the national grid.
A schematic of the production plant is represented in Figure 1. The same approach can be applied to production plants
with different types of technologies.
The operation of the system can be optimized considering different objectives. In this case, an economic optimization is
proposed. Two opportunities are investigated to improve the performances of the system:

1. the possibility to install a thermal storage tank within the production plant; this unit would be associated to extra

investment costs depending on its capacity;
2. the possibility to act on the thermal demand of the customers (demand-side management) during the space-
heating season.

Thus, the total yearly cost needs is evaluated in order to perform a comprehensive analysis of the system operation. The
cost depends on the difference between the expenses, which are related to the costs for natural gas and electricity and
possibly to the installation of the storages, and the revenues, associated with the electricity sold to the electric grid.
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Figure 1. Schematic representation of the production units in the plant (HOB: Heat-Only Boiler; CHP: Combined Heat and Power;
PV: Photovoltaic system; EHP: Electric Heat Pump; AR: Absorption Refrigeration unit). Red, light blue and yellow lines represent
the heating, cooling and electricity flows. The possible installation of a thermal storage is discussed in the following sections.

3. OPTIMIZATION APPROACH

The goal of the proposed approach is to minimize the yearly operating cost for an existing energy system characterized
by various generation/conversion technologies used to supply heating, cooling and electricity to a district energy system.
To reach this objective, different strategies are considered in this analysis:



1. the smart management of the production units, i.e. the possibility to identify the most convenient components to
be switched on for each time-interval of the four days considered;
2. the possibility of installing a thermal storage unit within the system;
3. the flexibility of the heating load of the customers (Demand-Side Management).
The objective function of the optimization problem is the yearly operation cost, which is given by the sum of the
production costs for each of the selected days of the year. The problem can be formulated as follows:

min(feco (%)) M

where X is the decision vector and X is the feasible region of the decision vector; f,, is the economic objective function
and this is discussed later on in subsection 3.2. The decision variables of the problem include:
e the input production fluxes involved in the different technologies, at each time of the day and for all the days
considered in this analysis;
e the capacity of the thermal storage;
e the variables related to thermal Demand-Side Management (i.e. variables associated with the modifications of
the heating demand of each customer during the days of the space-heating season).
The whole set of variables is listed and further discussed in subsection 3.1 and subsection 3.2.
Due to the different nature of the phenomena considered in this analysis, the optimization has been structured into two
different levels:

o the upper-level optimization is solved by means of a genetic algorithm and allows estimating the best set of
heating load shifting (i.e. the demand-side management variables d);

o the lower-level optimization faces the production optimization and uses a deterministic algorithm to find the
optimal values of production fluxes and storage capacities (that are grouped in the vector p).

This decomposition allows to better address the peculiarities of each part of the optimization problem. A flow-chart
describing the structure of the optimization approach is reported in Figure 2. This approach can be summarized as follows:

a) at each iteration of the genetic algorithm, a new generation of d (thermal demand-side management variables,
including one variable for each building i, for each day j’ in the heating season) is considered;

b) the thermal demand-side management variables are used to calculate the evolution of the heating load at plant
level for the days with demand-side management; this is done by means of a physical model which allows to
simulate the thermo-fluid dynamic behavior of the district heating network;

¢) once the heating loads of space-heating season days have been estimated (depending on the given set of demand-
side management variables), they are used, along with the heating loads of the days without space-haeating and
the cooling and electricity loads (which are calculated before the optimization, since they are not subjected to
demand-side management), to establish some constraints on the production plant (i.e. to define the search space
for the lower-level optimization variables p);

d) then, the lower-level optimization is carried out to estimate the optimal operation of the generation units and
storage system and to evaluate the objective function;

e) if convergence is reached, the solution is obtained and the algorithm stops; otherwise, a new generation is created
by the genetic algorithm and the whole procedure is repeated.

The different steps of the algorithm are detailed in the next subsections.
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Generation of the initial population of the thermal demand-
side management variables
d= [d;"=1,---:

(section 3.1)
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Thermal network model
Estimation of the heating demand at
plant level
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Figure 2 Flowchart of the optimization algorithm

new generation

3.1 Demand-side management

In order to evaluate the yearly operation cost, the knowledge of the evolution of the heating, cooling and electricity loads
during the different days is required. The heating loads of the days without space-heating, the cooling loads and the
electricity loads at plant level can be estimated before the optimization algorithm since they do not depend on the
optimization variables. By contrast, the heating loads of the days with space-heating (thus with the possibility to perform
demand-side management) are evaluated at each step of the optimization process, since they could be subjected to demand
side management during the winter and autumn days (characterized by a significant thermal peak). This allows to properly
estimate the loads by considering the dynamics of the network, even when the demand is modified.
Different options are available for the implementation of thermal demand-side management [13]. The choice of the
strategy for real applications can be influenced by several drivers, including technical factors and business models used
in each different energy system. In the case-study analyzed in this work, the implementation of demand side management
is performed by shifting the time the heating systems are switched-on after the night setback; an example of the application
of load shifting to the heating demand of a building is provided in Figure 3. In this application, the load shifting can be
operated up to 30 minutes in advance. This limitation was introduced to avoid affecting the users’ thermal comfort. For
technical reasons, anticipations could be operated every 5 minutes (e.g. 5 min, 10 min, 15 min etc. up to 30 min). In a
second analysis, the effects of extending the anticipation range up to 60 minutes are also analyzed.
These anticipations represent the optimization variables of the upper-level optimizer, i.e. the demand-side management
part. The decision vector d has so many elements as the number of buildings connected to the district heating network
times the number of days with demand-side management.
Each variable d; is related to the anticipation time At; ;, of the i-th building during the j'-th heating day according to the
following relationship:

Ati,j! =5 [mln] . di,j’

with i = 1: Nyyjgings and j' = 1: Ngy pays. d;j can only assume integer values and is bounded below by 0 (no
anticipation, At; = 0 min) and above by 6 or 12, depending on the case analyzed (maximum anticipation allowed, At; =
30 min or At; = 60 min).

To solve this complex optimization problem, the genetic algorithm implemented within the Global Optimization Toolbox
of MATLAB® was adopted.

At each generation of the genetic algorithm, a new population of demand-side variables d is considered. These variables
(that, as previously explained, represent the anticipation of each building during each of the two days with DSM) are used



to correct the new building loads. The new plant loads (the heating loads at plant level during the space-heating days) are
then evaluated by means of a physical model of the district heating network. The model is based on the conservation
equations of mass, momentum, and energy (which are integrated according to the finite volume method [39]). The
interested reader can consult published works [6], [40], [41] for the complete formulation and resolution of the thermo-
fluid dynamic problem.

Finally, once the loads at plant level are all known, the lower-level production optimization part was included within each
iteration of the upper-level genetic optimizer.

19 X10 . : _

—— Without DSM
---- With DSM

8r At; = 25 min -

Heating demand [W]

O ol : 1 1 1
0 2 4 6 8 10 12
Time [h]
Figure 3. Example of the implementation of demand-side management: heating demand of a building before and after a 25-minutes
load shifting.

3.2 Production optimization

At each iteration of the genetic algorithm, once the heating load has been evaluated and all the heating, cooling and
electricity loads at plant level are known, it is possible to perform the optimization of a) the production fluxes and b) the
size of the thermal storage within the plant. The aim of the lower-level optimizer is to smartly manage, for the different
days, the production of the available production units and to understand the optimal size of the thermal storage that can
be installed in the system, in order to minimize the yearly operating costs.

The economic objective function considered in this lower-level optimization is the sum of the investment cost for the
storage and of the operating costs, given by the sum of the operating costs of all the days in a year:

NDays Nts

— ij ij L gyl ij i
feco - Ct,StCt,st + Z Z(Cg(q)g,CHP + q)g,HOB) + Ce,inq)e,in - Ce.outcbtle,out) At (2)
j=1 i=1

It is important to highlight that the same objective function is adopted for both the optimization steps.
Since the optimization time step is 15 min, the operating cost for each day j is the sum of the costs for each of the 96
time steps of the day.
As concerns the operating costs, the expenses are due to the amount of natural gas consumed by the cogeneration unit
and the boiler and to the electricity purchased from the grid, while revenues are available if electricity is sold. The specific
cost of the natural gas Cg Was considered constant throughout the entire period. Instead, the specific cost of the electricity
purchased (ci,’l-n) or sold (ci,,out) to the grid depends on the time interval considered: each time interval i can be associated
to a different specific cost of the purchased/sold electricity. Due to the fact that the analysis is carried out for a single
year, the specific investment costs of the storage c, s, is obtained taking into account their expected life (average values
were derived from [42]).
As suggested by Eq. (2), the objective function is linearly dependent on:

e the capacity of the thermal storage to be installed in the system C; g;

e the natural gas required for the operation of the cogeneration unit Cb;',]cyp;

e the natural gas required for the operation of the heat-only boiler CD;'_’;,OB;
Lj .

e the electric power purchased from the grid @7,

e the electric power sold to the grid CID(i‘f;)ut;
These variables represent the independent variables of the lower-level optimization problem, along with the electric power

needed by the electric heat pump to produce heat CD;JEH p,» the electric power needed by the electric heat pump to produce



cooling CDe EHP,> the heat required by the absorption heat pump CDt “sry and the heat absorbed or released by the thermal

storage Cbt St

Note that the 8 variables associated with energy fluxes must be estimated for each of the 96 time-steps of the day and for
each of the Ny, days considered in this analysis. This is necessary because of the possible presence of the storage
systems, which makes not possible to solve the production optimization independently at each time step. Hence, 768
variables are required for each day; moreover, there is one more variable related with the size of the storage. Therefore,
the total number of variables of the lower-level optimization is equal to (Ng_yar * Nrs * Npays + Nstorage)-

All the variables are included in the decision vector p. All of them are considered as continuous variables, bounded below
by 1, and above by u,. Except for the storage flows, which assume negative values when the charging process is
considered, all the other variables are bounded from below by zero.

The lower-level optimization must satisfy 5 inequality constraints for each time step and for each day. The first three
inequality constraints are related to the heating, cooling and electricity balance. For each day j = 1: Ngq,s, at each time
step i = 1: N5 and for each energy vector k = 1: 3 (heating, cooling and electricity), the following condition must be
satisfied: production}, > consumptionl,. This means that production must be greater than consumption at any time and
for each energy vector. The inequality sign is due to the possibility to dissipate heating, cooling and electricity.

Besides the energy balance, two more inequality constraints for each time step i and for each day j are needed for the
solution of the lower-level optimization problem. These constraints are due to the possible presence of the thermal storage
system within the production plant. The first constraint is linked with the maximum energy that the storage is able to
deliver, which depends on the energy stored in the previous time steps; instead, the latter is related with the maximum
energy that the unit can store, depending on its capacity C, (which is, in this case, an independent variable of the
optimization). In this work, the storage was considered as ideal; the thermal losses are not taken into account.

The whole set of inequality constraints is summarized in Table 1. By convention, the heating power of the storage Cl)t ot
is negative in the charging phase and positive in the discharging phase; if it is zero, the thermal storage is not used.
Moreover, in order to relate the heating, cooling and electricity balances to the independent variables of the optimization
problem, it was needed to express the output power of each production/conversion unit as a function of the input power;
this was done by introducing proper values of efficiencies and coefficients of performance (COP) of the different
components. In the application proposed, these efficiencies could be approximated as constant due to the little variation
of the performances of the components.

Table 1. Expressions of the inequality constraints of the production optimization problem.

Inequality constraints
for each time step i = 1: Nyg and for each day j = 1: N4y

Heating balance 08Py wop + Ncrp, Pocup + COPep P Enp,+ ol = oy + 0
Cooling balance COPEHPcheJEHPC + Nary @iy = O
.. '] t
1c1 i l 9 9 0 e,ou
Electricity balance Ncup, cDg up q)e,]pv + Ner elm > q)elEHPt + cDe]EHP + @t il T Ee -
T
tl
Thermal storage J t, St(t)dt <0
0
ti
Thermal storage capacity | j cDést(t)dt | < C;
0

Overall, the described formulation of the lower-level optimization turns out to be a Linear Programming problem with
(No—-var * Nrs * Npays + Ngtorage)variables and 5 - Npg - Npgyginequality constraints. This linear programming
optimization problem is solved (at each iteration of the genetic algorithm) using the dual simplex method, through the
MATLAB® Optimization Toolbox function linprog.

For different applications, e.g. if the assumption of constant efficiencies cannot be applied, the proposed approach can
still be used by slightly modifying the formulation of the lower-level optimization that can be expressed as MILP (if a
piecewise linear approximation is used to linearize the performances of the components) or MINLP. This modification
would increase the computational cost of the algorithm. To reduce the resolution time, a different option is to use the
proposed approach as a preliminary optimization to find the values of the variables that are more computationally
intensive (i.e. the variables related to demand-side management and to the storage operation); then, a more detailed



optimization (which could include, for example, non-constant efficiencies and/or a greater number of simulation days)
can be run to determine with a greater level of accuracy the production energy streams.

4. CASE-STUDY

The optimization approach described in Section 3 is applied to a residential district located in Northern Italy. In this
district, the cooling demand occurs only in summer, while the heating demand is present for the whole year: between
April and September the heat is just used to produce domestic hot water; between October and March, it is used for both
space heating and domestic hot water production.
The customers are connected by means of district heating, cooling and electricity infrastructures to a local production
plant (Figure 1) composed by the following units:

e combined heat and power plant (CHP), capacity 4 MW gas;

e heat-only boiler (HOB), 4 MW ;

e photovoltaic plant (PV);

e clectric heat pump (EHP), 0.5 MW in heating mode, 0.2 MW, in cooling mode;

e  absorption refrigeration unit (AR), 0.6 MW..
The annual operation of the multi-energy system is simulated using the energy load evolutions available for four different
typical days, one for each season:

a) a winter day (electricity, space heating and domestic hot water);

b) an autumn day (electricity, space heating and domestic hot water);

c) aspring day (electricity and domestic hot water);

d) asummer day (electricity, cooling and domestic hot water).
The selection of four representative days allows reducing the complexity and focusing on the development of the
methodology. Using this approximation, the total number of variables is reduced from 10 585 to 116 for the upper-level
optimization from 280 321 to 3 073 for the lower-level (-98.9%). Nevertheless, the developed methodology can be applied
also to different case-studies involving more simulation days; another option, as previously said, is to use the four typical
days to find the values of demand-side management and storage variables and then to perform a further optimization for
the production in order to find more accurate values of the energy streams.
In this analysis, the four representative days are selected such that their average air temperature (which is evaluated by
means of the database PVGIS [43] for the selected location) is similar to the yearly average temperature over a period of
10 years. The relative error between the two is about 3%, which represents a reasonable trade-off since the proposed
approach allows to significantly cut the optimization time. As regards the building demands, the heating load for the
winter and autumn days were obtained from experimental measures, while the remaining heating loads and electricity
loads were estimated using the software HOMER® and scaled for the system considered. The cooling load is obtained
from the difference between the electricity load of the summer day and the average electricity load of the other seasons,
since in the original database the cooling load is powered by electricity within the building and not supplied by means of
a cooling network.
Because of the significant and sharp thermal peaks that usually affect district heating demands in heating networks during
the space-heating season (especially in warmer areas such as the Mediterranean, where the heating devices in the buildings
are remarkably attenuated or shut-down during the night), the heating demand is subjected to the application of demand
side management as a further technique to shave the peak and to increase the efficiency of the global system (besides the
possible installation of storage and the smart integration of the different energy systems). More specifically, the possibility
of applying small anticipations to the heating load of the customers of the district heating network (whose main features
are reported in Table 2) is discussed in this paper. This is done by performing only sufficiently low modifications such
that these not affect the costumers thermal comfort: for this reason, anticipations up to 30 minutes are allowed.
In Figure 4, the heating, cooling and electricity loads for the selected days are presented; the evolution of the heating load
reported in the figure is the non-optimized one (without demand side management). It is possible to observe that the
electricity load does not considerably vary in the four seasons considered; the electric profile is quite similar and has two
peaks during the day. This is due to the fact that cooling in summer is supplied by district cooling. The cooling load occurs
only in summer (Day 3). As concerns the heating load, the profiles are significantly different in the various seasons.
During winter (Day 1), the heating request for space-heating is quite high. During the autumn season (Day 2), because of
the higher external temperatures, the heating demand is lower. Both the heating profiles of Day 1 and Day 2 present a
peak request during the morning, that is due to the attenuation or shutdown of the space-heating systems in the buildings
during the night. In summer and spring (respectively Day 3 and 4) the heating load just includes the thermal energy
required for domestic hot water production. Overall, for each of the days considered there is a different combination of
heating, cooling and electricity demand.



Table 2. Main features of the district heating network considered in this work

Specifications of the District Heating Network

Topology ‘ tree-shaped
Number of Buildings connected 58
Total length of pipelines \ 4.5 km
Minimum pipeline diameter 2.5 cm
Maximum pipeline diameter \ 25 cm
8 Thermal load 0. Cooling load 0. Electricity load
Day 1 Day 1 Day 1
7 ————Day2 0.8 |- —_Day2 e —Day2
Day 3 Day 3 0.3 Day 3
6 ————Day4 0.7 |- - - -Dpay4 ————Day4
5 N 0. N 0.
= 0. z
4 =) 20.2
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Figure 4. Heating load (without demand response actions), cooling load and electricity load of the district energy system at plant
level during four different days (Day 1 = winter, Day 2 = autumn, Day 3 = summer, Day 4 = spring).

S. RESULTS AND DISCUSSION

The economic optimization was applied to the system described in Section 2. The most relevant results are reported and
discussed in this section.

5.1 Preliminary analysis I: production optimization without demand-side management and storage

As first analysis, the optimization of the energy fluxes to be managed by each production unit was carried out without
considering the storage unit and without the possibility to perform demand-side management. This step was included to
create a point of reference in order to better evaluate the advantages provided by the integration of storage and DSM. Due
to the absence of demand-response actions, it was possible to use just the lower-level optimization.

This optimization allowed to obtain a yearly cost of 272.6k €.

In this paragraph, just the operations obtained for Day 1 (winter) and Day 3 (summer) are illustrated (respectively in
Figure 5 and Figure 6) for example purposes. During the winter day, the heating demand is mainly supplied by the CHP
and by the electric heat pump. However, during the peak hours, their capacity is not sufficient to cover the high heat
request and the heat-only boiler needs to be switched on. The combined heat and power plant also produces electricity,
along with the photovoltaic system (when solar radiation is available). The electricity produced is used to satisfy the
electricity demand of the buildings and to be converted into heat by means of the electric heat pump. When the specific
cost is high, part of electricity is also sold to the external grid.

Concerning the summer day, the heat consumption is due to: a) the heating load, which is much lower than the previous
case since it is only needed to produce domestic hot water, and b) the absorption refrigeration unit. The heat is supplied
by means of the combined heat and power plant and through the heat pump which reconverts electricity into heat when
the electric load is low. The cooling load is mainly supplied with the electric heat pump. At night and during the cooling
peak, the absorption refrigeration unit is also used since heat is available from the CHP production. Finally, electricity is
produced with the CHP unit and with the photovoltaic system that during the summer period covers a significant fraction
of the electricity demand. The electricity is mainly used to supply the load and to operate the electric heat pump for heat
and cooling production. In summer, the sale to the external market is limited to few instants.
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Figure 5. Day 1 (winter): Optimized operation of the production plant resulting from the economic optimization without demand-side
management and without storages.
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Figure 6. Day 3 (summer): Optimized operation of the production plant resulting from the economic optimization without demand-
side management and without storages.

5.2 Preliminary analysis II: production optimization without demand-side management. The effect of the storage

In a second step, the possible installation of a thermal storage is included. The optimization is performed without
considering the effects of demand-side management, making it possible to solve the whole problem just by means of the
lower-level optimizer.

The configurations obtained for winter (Day 1) and summer (Day 3) are reported in Figure 7 and Figure 8. The main
differences with respect to the case without storage are evident observing the heat production and consumption. During
the winter, the presence of the thermal storage allows to reduce the heat supplied by the boiler during the peak. The
adoption of the thermal storage allows to distribute more uniformly the thermal production, filling the valley and shaving
the peaks. The optimal capacity side of the thermal storage is about 790 kWh, therefore a medium size thermal storage.
In this case, the yearly cost turned out to be 268.2k €. This means that a reduction of 1.6% in the yearly cost can be
achieved thanks to the introduction of the optimally sized thermal storage.
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Figure 7. Day 1 (winter): Optimized operation of the production plant resulting from the economic optimization with the possibility
to install storages, without demand-side management.
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Figure 8. Day 3 (summer): Optimized operation of the production plant resulting from the economic optimization with the possibility
to install storages, without demand-side management.

5.3 Demand side-management and production optimization with storages

Finally, the demand side management has been considered along with the possible adoption of the storages. This is done
through the use of the whole optimization approach developed in this paper and described in Section 3.

The value of the objective function at each generation of the genetic algorithm is reported in Figure 9. The algorithm
converged to the final solution in 256 iterations. The production layout corresponding to this solution is reported for all
the different seasons in Figure 10, Figure 11, Figure 12 and Figure 13 (respectively Day 1 = winter, Day 2 = autumn, Day
3 = summer, Day 4 = spring). The most significant aspect of the new configuration can be noticed observing the heating
production for Day 1 (winter) and Day 2 (autumn), since demand side management is applied to shift the thermal load
used for space heating. Because of the use of demand response, the heating peak of these two days is noticeably smoothed.
As a consequence, the use of the heat-only boiler is no more required. This allows a significant cost saving.

Concerning the value of the objective function, the adoption of demand-response actions (in this case, anticipations up to
30 minutes are possible for each building) allows a yearly cost reduction up to 262.3k €. Hence, a reduction in the yearly
cost of 3.8% with respect to the case without demand-side management and without storage is possible. The percentage



reduction with respect to the optimization with the storage but without demand-side management is around -2.2%: this
means that a budget of 5.9 k€/year can be saved by implementing demand side management based on load shifting. This
is even more meaningful if one considers that demand-side management is applied only in winter and autumn. Moreover,
the size of the thermal storage can be reduced to about 700 kWh through the use of demand-side management.
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Figure 9. Optimization convergence analysis: value of the objective function at each generation of the genetic algorithm.
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Figure 10. Day 1 (winter): Optimized operation of the production plant resulting from the combined economic optimization of

demand and production.
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Figure 11. Day 2 (autumn): Optimized operation of the production plant resulting from the combined economic optimization of
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Figure 12. Day 3 (summer): Optimized operation of the production plant resulting from the combined economic optimization of

demand and production.
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Figure 13. Day 4 (spring): Optimized operation of the production plant resulting from the combined economic optimization of
demand and production.

A final test is carried out by enlarging the users’ flexibility: load shifting up to 1 hour are allowed (instead of 30 minutes).
The modifications of the heating load at the production plant for Day 1 and Day 2 are illustrated in Figure 14. It is possible
to notice that significant reductions are possible by setting the maximum allowed anticipation to 30 minutes (in this case
the heating peak is reduced of the 36.9% for Day 1 and 42.0% for Day 2). Extending the anticipations to up to 1 hour, the
maximum heating load decreases of about 50.5% for Day 1 and 49.5% for the Day 2.

In this case, the combined adoption of storage and demand side management allows achieving a total cost of 261.4 k€ per
year. Moreover, the capacity of the storage can be decreased to 685 kWh. In this case, the cost is further reduced of 0.4%
with respect to the 30-minutes anticipations case.
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Figure 14. Evolution of the heat load at production plant during the day: comparison of the base-case (without demand side
management) with the two optimized configurations obtained with maximum anticipation respectively set to 30 minutes and 1 hour.

Finally, a summary of the results of the different optimizations carried out in this paper is reported in Table 3, where the
effects of the adoption of the thermal storage and demand-response are compared to the base case (operations optimized
without storage and demand side management). Results show that the installation of an optimally-sized thermal storage
(in this case the capacity is of 790 kWh) can contribute to a reduction in the annual operating costs. However, the
maximum benefit is obtained with the combined adoption of storage and demand side management: the reduction in the
annual operating costs can be increased from 1.6% to 3.8% by introducing flexibilities in the heating load up to 30 minutes



in advance; moreover, the optimal capacity of the storage decreases from 790 kWh to 700 kWh. By contrast, the increase
of the load shifting range from 30 min to 60 min does not provide further important cost reductions. Therefore, a very
good trade-off among cost reduction and thermal comfort can be achieved by applying modifications to the heating
demand of the buildings amounting to maximum 30 minutes (in advance) and using a thermal storage with 700 kWh
capacity that will cost 746 €/year.

Table 3. Yearly costs resulting from the different economic optimizations.

Case Optimized thermal Maximum anticipation Total cost Percentage cost
storage size allowed reduction (wrt to Case 1)
1 0 kWh 0 min 272564 €/year
2 790 kWh 0 min 268 198 €/year -1.6%
3 700 kWh 30 min 262310 €/year -3.8%
4 685 kWh 60 min 261 376 €/year —41%

6. CONCLUSIONS

In this paper, a novel approach for the operational optimization of a complex multi-energy system is presented. The
methodology is able to include in the optimization a) the installation of a thermal storage, b) the implementation of
demand-response actions, and ¢) the possible combination of the two strategies.

The best set of heating-load shifting and the optimal capacity of the thermal storage are evaluated by means of a
comprehensive optimization tool that takes into account simultaneously a) the effect of demand-response, b) a thermo-
fluid dynamic model of the network (to properly relate the heating load at the building to the load of the production plant),
and c) the management of the production plant. The operation of the system during a whole year is reproduced by
considering four representative days of the year with different combinations of heating, cooling and electricity demands.
These days are chosen such that they represent a good approximation of the yearly energy loads, in order to keep the
number of optimization variables sufficiently small to avoid the need of too high computational resources and also to
simplify the presentation of the procedure.

The optimization is organized in two nested levels: the upper-level uses the genetic algorithm to find the best set of
heating-load shifting of the buildings (demand-side management); the lower-level optimization (which is run at each
iteration of the genetic algorithm) uses a linear programming algorithm to find the best operation of the production plant,
i.e. the optimal capacity of the storage and the production fluxes.

Results show that the installation of a thermal storage brings to a reduction in the yearly cost of 1.6%. If demand-side
management is introduced in addition to production optimization, further advantages can be achieved: the combined use
of thermal storage and demand-side management (with load shifting up to 30 minutes) allows a yearly cost reduction of
about 3.8%, that is 2.2% more with respect to the case in which just the thermal storage is used; moreover, in this case it
is possible to reduce the size of the storage, and consequently the installation costs. Despite the decrease in the costs (and
in the thermal storage volume) can be enhanced by enlarging the flexibility of the users, more modest reductions are
obtained if the anticipation range is further extended: with maximum anticipations allowed up to 1 hour, the cost reduction
is of 4.1%.

In conclusion, the case-study presented in this work shows that the installation of storages and the implementation of
demand-side management are not alternative options, but they can be simultaneously used and smartly integrated in multi-
energy systems, even if they already have an inherent flexibility given by the possibility of converting energy from one
form to another. Thus, the methodology developed in this paper is recommended for applications to multi-energy systems
in order to determine the best operation of the system without neglecting any of these relevant sources of flexibility; for
more accurate results (e.g. if the simulation of the whole year is required), this methodology can be used as a preliminary
step to determine the operation of the storage and DSM, and it can be combined with other optimization approaches that
are tailored to production optimization only.

NOMENCLATURE
Cein Specific cost of the electricity purchased [€/kWh] Abbreviations and subscripts
Ce out Specific cost of the electricity sold [€/kWh] ARU  Absorption refrigeration unit
Cq Specific cost of the natural gas [€/kWh] c Cooling



Cest Specific investment cost of the thermal storage CHP  Combined heat and power

[€/kWh]
Cest Thermal storage capacity [kWh] e Electricity
cop Coefficient of performance EHP  Electric heat pump
d Demand-side variables vector g Natural gas
d;j Demand-side variable of the i-th building during the HOB  Heat-only boiler
j-th heating day [-]
feco Economic objective function [€/year] in Inlet
Nbuildings Number of buildings out Outlet
Npays Number of days PV Photovoltaic system
Nsu pays Number of days with space heating st Storage
Nstorage Number of storages t Thermal/Heating
Nipg Number of time steps tr Transmission
No—var Number of variables associated with energy fluxes
p Production variables vector
t Time [s]
At; Anticipation time of the i-th building during the j-th
heating day [min]
X Decision vector
X Feasible region of the decision vector
Greek letters
n Efficiency
At Time step
D, Cooling load at the production plant [W]
D, Electricity load at the production plant [W]

D, gup, Electricity used to supply the EHP for cooling

production [W]

D pyp, Electricity used to supply the EHP for heating

production [W]

n Electricity purchased from the grid [W]
in Electricity sold to the grid [W]
PV Electricity provided by the PV [W]

Dy cup Natural gas used to supply the CHP [W]
Dy HoB Natural gas used to supply the HOB [W]

¢ Heating load at the production plant [W]

D, 4rv Heating used to supply the ARU [W]

st Heating absorbed or released by the storage [W]

REFERENCES

S. Nielsen and B. Mboller, “Excess heat production of future net zero energy buildings within district heating
areas in Denmark,” Energy, vol. 48, no. 1, pp. 23-31, 2012, doi: 10.1016/j.energy.2012.04.012.

S. Werner, “International review of district heating and cooling,” Energy, vol. 137, pp. 617-631, 2017, doi:
10.1016/j.energy.2017.04.045.

A. Vandermeulen, B. van der Heijde, and L. Helsen, “Controlling district heating and cooling networks to
unlock flexibility: A review,” Energy, vol. 151, pp. 103—115, 2018, doi: 10.1016/j.energy.2018.03.034.

F. Levihn, “CHP and heat pumps to balance renewable power production: Lessons from the district heating
network in Stockholm,” Energy, vol. 137, pp. 670-678, 2017, doi: 10.1016/j.energy.2017.01.118.

T. Sweetnam, C. Spataru, M. Barrett, and E. Carter, “Domestic demand-side response on district heating
networks,” Build. Res. Inf., vol. 47, no. 4, pp. 330-343, 2019, doi: 10.1080/09613218.2018.1426314.

M. Capone, E. Guelpa, and V. Verda, “Optimal operation of district heating networks through demand
response,” Int. J. Thermodyn., vol. 22, no. 1, pp. 35-43, 2019, doi: 10.5541/ijot.519101.

E. Guelpa and V. Verda, “Thermal energy storage in district heating and cooling systems: A review,” Appl.
Energy, vol. 252, no. March, p. 113474, 2019, doi: 10.1016/j.apenergy.2019.113474.

V. Verda and F. Colella, “Primary energy savings through thermal storage in district heating networks,” Energy,
vol. 36, no. 7, pp. 4278-4286, 2011, doi: 10.1016/j.energy.2011.04.015.

H. Gadd and S. Werner, “Daily heat load variations in Swedish district heating systems,” Appl. Energy, vol.
106, pp. 47-55, 2013, doi: 10.1016/j.apenergy.2013.01.030.



[18]
[19]
[20]
[21]
[22]

(23]

[24]

[25]

[26]

(27]

(28]

E. Guelpa and V. Verda, “Optimization of the Thermal Load Profile in District Heating Networks through
‘virtual Storage’ at Building Level,” Energy Procedia, vol. 101, no. September, pp. 798-805, 2016, doi:
10.1016/j.egypro.2016.11.101.

F. Wernstedt, P. Davidsson, and C. Johansson, “Demand side management in district heating systems,” Proc.
Int. Conf. Auton. Agents, pp. 1383—-1389, 2007, doi: 10.1145/1329125.1329454.

H. Molavi and M. M. Ardehali, “Utility demand response operation considering day-of-use tariff and optimal
operation of thermal energy storage system for an industrial building based on particle swarm optimization
algorithm,” Energy Build., vol. 127, pp. 920-929, 2016, doi: 10.1016/j.enbuild.2016.06.056.

E. Guelpa and V. Verda, “Demand response and other demand side management techniques for district heating:
A review,” Energy, vol. 219, p. 119440, 2021, doi: 10.1016/j.energy.2020.119440.

S. Kéarkkdinen, K. Sipild, L. Pirvola, J. Esterinen, E. Eriksson, and S. Soikkeli, “Demand side management of
the district heating systems,” p. 104, 2003, [Online]. Available: http://www.vtt.fi/inf/pdf/.

D. Basciotti and R.-R. Schmidt, “Simulation Case Study on Load Shifting,” FuroHeat&Power, vol. Vol. 10, no.
January, 2013.

E. Guelpa et al., “Demand side management in district heating networks: A real application,” Energy, vol. 182,
pp. 433442, 2019, doi: 10.1016/j.energy.2019.05.131.

D. Romanchenko, E. Nyholm, M. Odenberger, and F. Johnsson, “Impacts of demand response from buildings
and centralized thermal energy storage on district heating systems,” Sustain. Cities Soc., vol. 64, no. September
2020, 2021, doi: 10.1016/j.5¢s.2020.102510.

S. Salo et al., “The impact of optimal demand response control and thermal energy storage on a district heating
system,” Energies, vol. 12, no. 9, 2019, doi: 10.3390/en12091678.

H. Lund, P. A. Ostergaard, D. Connolly, and B. V. Mathiesen, “Smart energy and smart energy systems,”
Energy, vol. 137, pp. 556-565, 2017, doi: 10.1016/j.energy.2017.05.123.

H. Lund et al., “4th Generation District Heating (4GDH). Integrating smart thermal grids into future sustainable
energy systems.,” Energy, vol. 68, pp. 1-11, 2014, doi: 10.1016/j.energy.2014.02.089.

H. Lund et al., “The status of 4th generation district heating: Research and results,” Energy, vol. 164, pp. 147—
159, 2018, doi: 10.1016/j.energy.2018.08.206.

P. Mancarella, “MES (multi-energy systems): An overview of concepts and evaluation models,” Energy, vol.
65, pp. 1-17, 2014, doi: 10.1016/j.energy.2013.10.041.

T. Ma, J. Wu, L. Hao, W. J. Lee, H. Yan, and D. Li, “The optimal structure planning and energy management
strategies of smart multi energy systems,” Energy, vol. 160, pp. 122-141, 2018, doi:
10.1016/j.energy.2018.06.198.

P. Gabrielli, M. Gazzani, E. Martelli, and M. Mazzotti, “Optimal design of multi-energy systems with seasonal
storage,” Appl. Energy, vol. 219, no. May 2017, pp. 408-424, 2018, doi: 10.1016/j.apenergy.2017.07.142.

M. Wahlroos, M. Pirssinen, J. Manner, and S. Syri, “Utilizing data center waste heat in district heating —
Impacts on energy efficiency and prospects for low-temperature district heating networks,” Energy, vol. 140,
no. 2017, pp. 1228-1238, 2017, doi: 10.1016/j.energy.2017.08.078.

K. Sipild, “Cogeneration, biomass, waste to energy and industrial waste heat for district heating,” Adv. Dist.
Heat. Cool. Syst., pp. 45-73, 2015, doi: 10.1016/B978-1-78242-374-4.00003-3.

D. Lindenberger, T. Bruckner, H. M. Groscurth, and R. Kiimmel, “Optimization of solar district heating
systems: Seasonal storage, heat pumps, and cogeneration,” Energy, vol. 25, no. 7, pp. 591-608, 2000, doi:
10.1016/S0360-5442(99)00082-1.

H. Ren, W. Zhou, K. Nakagami, W. Gao, and Q. Wu, “Multi-objective optimization for the operation of
distributed energy systems considering economic and environmental aspects,” Appl. Energy, vol. 87, no. 12, pp.
3642-3651, 2010, doi: 10.1016/j.apenergy.2010.06.013.

A. Bischi et al., “A detailed MILP optimization model for combined cooling , heat and power system operation
planning,” Energy, vol. 74, pp. 12-26, 2014, doi: 10.1016/j.energy.2014.02.042.

A. Bischi et al., “A rolling-horizon optimization algorithm for the long term operational scheduling of
cogeneration systems,” Energy, vol. 184, pp. 73-90, 2019, doi: 10.1016/j.energy.2017.12.022.

D. Buoro, M. Casisi, A. De Nardi, P. Pinamonti, and M. Reini, “Multicriteria optimization of a distributed
energy supply system for an industrial area,” Energy, vol. 58, pp. 128—137, 2013, doi:
10.1016/j.energy.2012.12.003.

Y. Zhao, Y. Lu, C. Yan, and S. Wang, “MPC-based optimal scheduling of grid-connected low energy buildings
with thermal energy storages,” Energy Build., vol. 86, pp. 415426, 2015, doi: 10.1016/j.enbuild.2014.10.019.
P. Arcuri, P. Beraldi, G. Florio, and P. Fragiacomo, “Optimal design of a small size trigeneration plant in civil
users: A MINLP (Mixed Integer Non Linear Programming Model),” Energy, vol. 80, pp. 628—641, 2015, doi:
10.1016/j.energy.2014.12.018.

J. Reynolds, M. W. Ahmad, Y. Rezgui, and J. L. Hippolyte, “Operational supply and demand optimisation of a
multi-vector district energy system using artificial neural networks and a genetic algorithm,” Appl. Energy, vol.
235, no. October 2018, pp. 699-713, 2019, doi: 10.1016/j.apenergy.2018.11.001.

M. Capone, E. Guelpa, and V. Verda, “Multi-objective optimization of district energy systems with demand
response,” Energy, 2021, doi: 10.1016/j.energy.2021.120472.



[36]

[37]
[38]
[39]
[40]
[41]

[42]
[43]

M. J. Vahid-Pakdel, S. Nojavan, B. Mohammadi-ivatloo, and K. Zare, “Stochastic optimization of energy hub
operation with consideration of thermal energy market and demand response,” Energy Convers. Manag., vol.
145, pp. 117-128, 2017, doi: 10.1016/j.enconman.2017.04.074.

E. Guelpa, “Impact of network modelling in the analysis of district heating systems,” Energy, vol. 213, 2020,
doi: 10.1016/j.energy.2020.118393.

I. Gabrielaitiene, “Numerical simulation of a district heating system with emphases on transient temperature
behaviour,” 8th Int. Conf. Environ. Eng. ICEE 2011, no. January 2011, pp. 747754, 2011.

H. K. Versteeg and W. Malalasekera, An introduction to computational fluid dynamics: The finite volume
method. Pearson Education Limited, 2017.

E. Guelpa, A. Sciacovelli, and V. Verda, “Thermo-fluid dynamic model of large district heating networks for
the analysis of primary energy savings,” Energy, vol. 184, pp. 34—44, 2019, doi: 10.1016/j.energy.2017.07.177.
A. Sciacovelli, V. Verda, and R. Borchiellini, Numerical design of thermal systems. CLUT Editrice, 2015.

I. Renewable and E. Agency, “IRENA-IEA-ETSAP Technology Brief 4: Thermal Storage,” no. January, 2013.
European Commission, “PVGIS: Phtovoltaic Geographical Information System.”
https://ec.europa.eu/jrc/en/pvgis.



