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Abstract

In recent years, the increasing penetration of non-programmable renewable energy technologies has
made energy system flexibility essential for ensuring power grid stability, in terms of balance between
power demand and supply. In particular, cogeneration plants can provide flexibility services by
making a defined amount of power available at a given schedule, upon request. The grid operator can
request it or not depending on the actual dispatch management. In the presence of this uncertain
request, producers need smart controllers to meet thermal demand and, at the same time, to maximize
profit while fulfilling the needs of the grid. This work presents a hierarchical predictive control
architecture for optimal management of combined heat and power production sites equipped with a
thermal energy storage tank supplying district heating networks. The feasibility of the proposed
approach is investigated by simulating several scenarios with different degrees of uncertainty about
the actual power request from the grid operator. It is shown that the controlled system is able to
comply with the requirements to the maximum extent when the exact power dispatch is known a few
hours in advance, also giving a profit increase as well as environmental benefits. While the grid
operator request for flexibility is met up to 100%, the reduction in carbon emissions ranges from 3%
to 7% and the operating margin is increased by 20%. This can be realized when the power availability

is scheduled at periods of both maximum and minimum heat demand. Thus, the method is promising

! The short version of the paper was presented at 100%RES, October 29-30, Pisa. This paper is a substantial extension of
the short version of the conference paper.
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also in improving production planning of future integrated energy systems from the perspective of

grid flexibility.

Keywords: Combined Heat and Power plant; District Heating Networks; Model Predictive Control;

power request uncertainty; power grid flexibility

1. Introduction

Over the last couple of decades, technological advancements and support policies have fostered the
increasing cost-effectiveness of renewable energy compared to conventional fossil fuel-fired power
plants. This has led to significant growth in the global market for renewable energy technologies,
such as wind, solar and hydropower. For instance, also thanks to these incentives, the renewable
power generation capacity in Italy grew by 170% between 2004 and 2018 [1]. Likewise, the primary
renewable energy production within the EU-28 increased overall by 64% between 2007 and 2017,
which is equivalent to an average growth of 5.1% per year [2]. Such a significant increase in the
production of energy from renewable sources has also led to the diffusion of distributed generation,
namely power generation performed by a variety of small devices connected to the grid. This spread
of distributed generation introduces a significant randomness in the management of the electricity
system, since most of the distributed energy resources are renewable energy generators. Furthermore,
since grid stability must always be guaranteed by the grid operator, the integration of a large number
of discontinuous production units into the existing electricity grid represents an important technical
challenge. Aggregating multiple producers or consumers [3] is considered one of the best solutions
for addressing these problems, as it allows separate devices to act as a single entity when interacting

with the grid operator.

Legislation closely followed the evolution of the electricity system: for instance, Terna, the Italian

Transmission System Operator (TSO), recently adopted a specific regulation for a pilot project which
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involves the so-called UVAMs (which can be translated as Mixed Aggregated Virtual Units) [4].
These are devices or aggregators connected to the grid that are enabled to provide ancillary services
such as congestion resolution, power reserve and grid balancing. In essence, the act regulates the
interactions between the TSO and all UVAMSs that have previously declared their availability to carry
out grid services during a defined time interval. Therefore, each available UVAM must be ready to
produce (or consume) a certain amount of power, regardless of whether or not that electricity is

eventually requested by the grid operator.

On these grounds, flexibility has become a crucial feature as it allows a power plant to cope with
uncertainties of demand [5]. Hence, cogeneration is one of the most suitable and most flexible ways
to fulfill the electricity requirements without affecting the overall efficiency of the plant. In fact, a
Combined Heat and Power (CHP) plant, if properly designed, can compensate the intermittency of
renewable electrical generation, recovering the heat otherwise wasted for heating purposes [6]. This
is further specified in a review by Wang et al. [7], in which the authors state that conventional
generation units such as CHP plants remain a fundamental value in the energy system in terms of
keeping the electricity and heating sectors more reliable and cost-effective. Moreover, CHP plants
play an important role in the integration of different energy sectors. Nonetheless, the most profitable
exploitation of the technical flexibility of these plants is essential for providing a secure and efficient

operation of the integrated energy system [8].

For this reason, research studies on CHP plants and their integration with the power grid have become
more widespread [9]. Li et al. [10] formulated a CHP dispatch method to coordinate the operation of
electrical power systems and district heating networks (DHNSs): they proposed a model which
considers the temperature dynamics of the DHN for exploiting energy storage as an option for
managing the variability of wind energy. They also demonstrated the potential benefits of this method
in terms of operation economics and wind power utilization. Also Xu et al. [11] argue that DHNs are

key elements in providing flexibility to the power grid and they give an estimation of this. The



behavior of a DHN is approximated by multiple simple DHNs with a single-producer single-

consumer structure.

All these works aim to achieve sector coupling i.e. integration of different energy domains [12] to
exploit their synergies and flexibility, especially through bridging district energy and electricity
networks. This improves the overall economic performance but also presents many barriers (e.g.

control solution complexity), which are thoroughly reviewed by Mgller Sneum [13].

In this regard, a smart controller becomes essential since it can regulate the operation of the CHP
according to both electrical and thermal requirements, thus trying to avoid partial load operation and
consequent efficiency losses. An adequate management strategy for this type of plant should be
economically optimal but also robust enough to fulfill the thermal demand of the users connected to
the system, at all times, as well as the potential requests from the grid operator. Hence, it has to deal
with uncertainty. Based on a review by Zakaria et al. [14], various approaches are available to
consider the uncertainty of different elements in the optimization of renewable energies. Monte Carlo
simulation is one of the most remarkable methods, and it is used to model uncertainties by generating
different scenarios based on the probability of the occurrence of random events. However, the authors
conclude that several research questions regarding the dynamics of the integration of renewable
energies in the market still remain unanswered. The investigation of multi-scale problems with a high
penetration of renewables is an open research field. Skalyga et al. [15] present a robust optimization
dispatch model of an integrated electricity and heating system, with wind power uncertainty being
modeled by ambiguity sets. In parallel, Gang et al. [16] address uncertainty in the planning and design
of district cooling networks, and consider aspects such as outdoor weather, building layout and indoor
conditions. Tan et al. [17] propose adaptive robust energy and reserve co-optimization for the
integrated electricity and heating system: the goal of minimizing the total cost of the system is
achieved by exploiting the additional reserve capacity provided by the district heating system

flexibility and by considering the spatial correlation between wind uncertainty. They conclude that



the economic efficiency is improved. Moretti et al. [18] investigate the issues related to generic multi-
source energy systems by proposing a robust optimization method for their day-ahead scheduling.
However, comprehensive studies on the control of these grids in the context of electricity grid

flexibility are not yet available or are at an early stage [19].

Among the new research trends, Model Predictive Control (MPC) methods have been recently studied
to improve economic performance [20] or provide grid services. For instance, Vrettos et al. [21]
propose a new control framework based on robust MPC for the scheduling and provision of secondary
frequency control reserves by means of the heating systems of aggregations of commercial buildings,
while Binning et al. [22] adopt MPC with affine policies to optimally manage heat pumps and
perform frequency regulation. In these references, the MPC is applied only to a portion of the system,
the aim is frequency control, and the uncertainty on the electrical power request from the TSO,

planned according to the market conditions, is not accounted for.

In the light of this, and to the best of the authors’ knowledge, there are no literature references
regarding the application of MPC to complex energy systems, in order to provide a flexibility service
to the power grid (e.g. as UVAM) under demand uncertainty. This paper aims to address this research
gap by proposing an MPC control strategy that includes the uncertainty of the TSO power dispatch
in the operation of a flexibility provider comprising a CHP plant and a thermal storage unit coupled
with the DHN of a small group of end-users. The approach entails a distributed hierarchical control
architecture and a two-stage stochastic optimization model with extreme scenarios to account for the

uncertainty. It is verified and tested by simulating different cases of interaction with the TSO.

The main novel features of the work, with respect to the existing literature, can be summarized as

follows:

e smart management of a complex energy system (i.e. comprising a heat distribution network
for several buildings and different energy conversion components) as a flexibility provider to

the power grid;



e anovel method based on a multi-level MPC controller that covers all sections of the energy
system;

e stochastic optimization to include the uncertainty on the actual flexibility request from the
TSO (in terms of electrical power to be produced) within the MPC, which then defines a
suitable optimal management strategy to deal with all potential events (e.g. TSO request,

absence of TSO request).

The proposed scheme is built in a modular and generic way, thus it is suitable for replication to several
flexibility aggregators, with the aim of fostering the transition toward smart energy systems and sector

coupling.



2. Methods and control strategy

This section presents the novel method to operate cogeneration plants feeding district energy
networks as flexibility providers. The proposed control architecture is based on multi-agent
hierarchical Model Predictive Control, and has been demonstrated by the authors in [23]. One
simulation case study on the heat distribution network of three education buildings supplied by a
biomass-fired Organic Rankine Cycle resulted in a 7% and 12% reduction in operating costs and fuel
consumption, respectively, with regard to a traditional controller. In addition, two real-world case
studies in operational conditions showed a 13% to 34% reduction in specific energy consumption
with regard to the previous management strategy, as well as higher cost-effectiveness [23]. These

achievements assessed the superiority of the MPC compared to conventional approaches.

In the present work, the MPC control strategy includes, within the optimization of the power
production system coupled with the heat distribution network, the uncertainty deriving from the
potential power request from the TSO. This feature aims to enable the controller to provide a
flexibility service to the power grid in several conditions. The following sections illustrate the original
control architecture and the implementation of the uncertainty. Then, the controller is applied to a
simulation case study so that the control performance can be evaluated in different scenarios, which

are characterized by different degrees of knowledge of the actual power request.

2.1 Model Predictive Control

Model Predictive Control is a class of control strategies that exploit the prediction of the controlled
system behavior over a time horizon in the future (i.e. prediction horizon), carried out through a
dynamic model, in order to obtain an open-loop sequence of future control actions that minimize a
given cost function (e.g. economic or energy cost). The first input of this sequence, corresponding to
the first time-step of the prediction horizon, is applied to control the real system or its simulator, while
the remaining inputs are discarded. Afterward, the system states are measured or estimated, the
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prediction horizon is shifted one step forward, and an updated optimization problem is created and
solved. This procedure, which is carried out continuously, realizes implicit feedback on the actual
evolution of the system and reduces the influence of modeling approximations and unpredictable
events [24]. Furthermore, feed-forward MPC is obtained if the optimization also relies on the
prediction of exogenous variables (i.e. disturbances), which is updated at each new time-step. In this
way, the controller is able to anticipate the effects of any disturbance, instead of reacting to the

occurrence of such disturbance (conventional feedback), and to improve its performance.

The proposed MPC architecture, illustrated in Figure 1 for the case of a school complex, is specifically
suitable for small-scale DHNs, in which each building can be considered individually, and achieves
optimal management of the distribution network and energy production site. Since the solution of an
optimization problem for each simulation time-step is necessary for MPC to be implemented, method
feasibility at district level is enabled by splitting the network into its different branches, each feeding
one of the buildings and controlled by a dedicated low-level MPC agent, also named building-MPC
[25]. This minimizes the heat delivered to the building by varying the heat distribution variables and
forecasts the related heat demand for the entire prediction horizon. This information is sent to a high-
level MPC agent, namely supervisory-MPC, the duty of which is to operate the cogeneration plant
and manage the state of the storage in the energy production site in an optimal way, in order to
maximize the operating margin, i.e. the difference between operating revenues and costs. The
complete details of the MPC multi-agent modules [26] and supervisory module are given in the

following sections.
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Figure 1. Multi-agent hierarchical architecture of the MPC control strategy for small-scale heating networks.

2.2 Multi-agent modules

The building-MPC has firstly been demonstrated by the authors for the heat distribution network of
an individual building, the indoor temperature of which (i.e. T) is the system state [27]. Each building

is represented by the discrete form of the energy conservation equation in Eq. (1):

AT ]
A_t:_a(T_Text)+me(TS_TR) (1)

with Text being the ambient temperature and ¢ being the water specific heat capacity. The manipulated
variables (i.e. system inputs) are the mass flow rate » and the supply temperature Ts of the water to
the building substation heat exchanger, while the return temperature Tr is a design parameter
regulated by the secondary side as in [25]. The performance coefficients a and b are characteristic of
each building and can be identified with real measurements or simulation data [28]. The presented
model form with its modularity and little required information provides significant advantages when

extending the approach to district energy.



The cost function J» minimized by each building-MPC for the entire prediction horizon N includes
(i) the total supplied heat comprising the heat losses from the pipelines Qioss; (ii) the pump power

Ppump, Which is a function of the water mass flow rate and pipe features:

N

Jo = Z [ ¢ (Tsxe — Trx) + Quoss.sk + Qoss sk + Poumpik] At + Ppx (2)
=1

The penalty factor ¢y is added when the indoor heating requirements are violated, therefore pushing
the solution away from unacceptable conditions. The resulting optimization problem is solved by an
original optimization algorithm based on the Dynamic Programming numerical formulation [25]. The
algorithm computes the results in a few seconds with a standard computer, thus it is feasible for real-
time MPC implementation. At each time-step, the algorithm receives the actual indoor temperature
and returns the optimal sequence of water mass flow rate and supply temperature (Figure 1), the first

elements of which are implemented as set-points to be kept in the real system.

2.3 Supervisory module

The supervisory-MPC controls the energy production site, hence it requires simplified models of the
CHP plant and of the Thermal Energy Storage tank (TES), which is an essential unit for enhancing

the flexibility of a system.

The TES is modeled through the thermocline assumption [29,30] presented in Figure 2. This approach
is adopted as it provides, as shown in [31], a significant reduction in calculation time while
maintaining a good prediction accuracy which are paramount features in MPC applications. The TES
is split into two zones, one with the high temperature Tw and one with the low temperature T.. The
height of the virtual separation surface between the zones, with reference to the top of the tank, is

defined thermocline and provides an estimation of the State of Energy (SoE) of the TES. The height
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of the thermocline X is the system state and its evolution over time depends on the TES characteristics

and incoming and outgoing flow rates, according to the following energy balance:

AX , .
p Argsc (Ty — Tp) A Qcup — Mot € (Ty — TrR) — Qloss TES 3

where p and Ares are the water density and tank base surface, respectively, Ocup is the incoming
thermal power, and ot is the total mass flow rate requested by the end-users downstream and
communicated, as a model disturbance, by the building-MPCs. The state X is limited between 0 and

the TES total height Hres.

High temperature zone

e e —— o E\Q.loss

Myot

Hrgs

To downstream end -users

Low temperature zone

Figure 2. Representation of the Thermal Energy Storage tank with thermocline assumption.

The heat lost to the environment through the TES shell is given by:

Qloss,TES = nDTESUTES [X(TH - Text) + (HTES - X) (TL - Text)] (4)

with Dtes and Utes being the tank diameter and heat transfer coefficient.
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As for the CHP plant, its model is characterized by the first principle efficiency and electrical

efficiency, defined by Egs. (5) and (6), respectively:

_ Pcup + Qcup 5)

M= T LHY
_ Pcyp (6)

el = e LHV

where m;s is the fuel mass flow rate and LHV is its lower heating value. In order to represent the
derating of the CHP performance at partial loads, these efficiencies are defined by linear correlations

with the load itself, between the minimum and nominal operating conditions of the unit.

Consequently, the thermal power directly supplied to the TES by the CHP and the electrical power

produced by the CHP are calculated through Egs. (7) and (8), respectively:

Qcup = g LHV (1 — net) SW (7)
Pcyp = mg LHV 1y SW 8
Since the CHP is switched off for loads lower than the minimum load conditions, it is necessary to

include the on-off signal SW in the model. This is a binary variable equal to 1 or 0 if the plant is

operating or not.

The electrical power produced by the CHP in Eq. (8) is exploited to firstly satisfy the electricity
demand of the buildings connected to the district heating network Pgem, then the exceeding power is
exchanged with the grid either to meet the TSO request when applicable, or to sell the surplus. The

electrical energy balance Eq. (9) has to be satisfied at all times:
PCHP+Pbg:Psg+Pdem 9)

with Psg and Pyg being the electricity sold and bought from the grid, respectively.

The system manipulated variables are the fuel mass flow rate, binary on-off signal, and bought

electricity. The latter covers the end-users’ demand when Pcrp is not enough. The objective function

12



Js includes the total costs of fuel and electricity purchasing, as well as the revenues from the sale of

the electricity:

N
Js = Z[(Cfmf,k + Cbgpbg,k - ngPsg,k)At + d)s] (10)

k=1
with Cs, Cphg and Csg being the specific costs of the fuel, and bought and sold electrical power,
respectively. Similarly to the building-MPC, in order to obtain a feasible solution, the penalty factor
¢s is added when the TES state constraints are exceeded and when the TES energy content is not able

to comply with the downstream thermal demand.

This problem is solved by a dedicated version of the fast Dynamic Programming algorithm mentioned
above. Overall, the supervisory-MPC receives the current SOE of the TES as well as the following
disturbances over the prediction horizon: predicted thermal and electrical demands, and the power
made available to the TSO. Then, at each time-step, it returns the optimal set-points to operate the

CHP in order to guarantee that the TES is able to fulfill such demand.

2.4 Implementation of the TSO request uncertainty

As flexibility provider, the plant operator establishes a reserve of electrical power that is made
available to the TSO according to a defined time schedule. In reality, the grid operator, which is
responsible for power grid balancing, plans and requests power production from the dispatchable
generation plants connected to the grid according to the actual system and market conditions. Hence,
the power made available by the plant operator is not actually requested and exploited at all times.
The actual request from the TSO is unknown to the plant operator and cannot be easily forecast. For
this reason, the supervisory-MPC described in Section 2.3 must be customized to include the

uncertainty of the electricity request from the TSO. This is done through a two-stage stochastic

13



optimization model with extreme scenarios, implemented by considering that, when power

availability has been assigned, two events may occur:

e EL: the TSO does not require the available power;

e E2:the TSO requires the entire amount of available power from the generation plant.

In the former case, the objective of each step of the optimization problem is defined by the argument
of the sum in Eq. (10), which becomes J(E1). On the contrary, the occurrence of E2 is associated with
a modified cost function in which the amount of electricity requested by the TSO and actually
dispatched Prso is rewarded more than in the usual case, i.e. with a specific cost Crso higher than Csg,

since the power plant is providing a service:

J(E2) = [Cerivg + CpgPog — Csg(Psg — Prso) — CrsoPrso] At + és (11)

According to [32], the expected value of the global cost function of the supervisory-MPC is obtained

by weighting the costs of the events E1 and E2 with the related probability of occurrence w:

N

Jot = ) [w13i(BD) + @5 /i (B2)] (12)

k=1
Even though the solution obtained in this way may be suboptimal with respect to the deterministic

problem, it allows the most probable events to be effectively considered.
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3. Application

The MPC controller with the implementation of uncertainty described in Section 2 is tested in a
Model-in-the-Loop (MiL) simulation scenario. A detailed mathematical model, also called system
digital twin, which reproduces the system dynamics and its interactions with the environment
typically faster than real-time, is controlled by a model of the controller, in which the control
algorithm code is integrated. This allows the control logic and performance to be verified in analog
conditions without affecting the real system. The case study, digital twin configuration and simulated

scenarios are described in the following sections.

3.1 Case study description

The case study, represented in Figure 3, is a small-scale district heating network which supplies an
education complex consisting of three different buildings: a sports hall, a secondary school and a
primary school. An internal combustion gas engine with heat recovery provides electrical and thermal
power to the users. The CHP nominal and minimum load conditions as well as the related electrical
and first principle efficiencies are reported in Table 1. Depending on CHP operation, TSO request
and user demand, the electrical power can be sold or purchased by means of a bidirectional connection
with the power grid. The heat recovered by the CHP cannot be dissipated and is entirely supplied to
a TES with a total water volume of 200 m® (Table 2) in a two inlets-two outlets configuration [33] by
means of the main circuit. The TES size was selected according to [34], in which it is stated this unit
should be able to fulfill the circuit peak load for 1.5 h to 2 h. Being the thermal peak load equal to 2.5
MW and the design temperature difference between supply and return equal to 20 °C, the chosen

water volume fulfills this requirement.

Thus, the TES decouples the production of hot water completely from its distribution, which is
directly fed to the buildings by means of three secondary circuits. Once the thermal power has been
transferred to the building space heaters, the water is partly recirculated to the building itself to

15



regulate the supply temperature and is partly conveyed to the return manifold, which directly feeds

the TES on the user side.
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Figure 3. Schematic representation of the case study: small-scale district heating network supplied by a CHP (as flexibility

provider) and a storage tank. SP: set-point.

Table 1. Main parameters of the Combined Heat and Power plant.

Parameter Nominal condition Minimum load condition
Electrical power 2160 kW 220 kW
Electrical efficiency 0.43 0.31
First principle efficiency 0.93 0.84
Fuel LHV 36.6 MJ Nm®
Table 2. Main parameters of the Thermal Energy Storage tank and its model.
Parameter Symbol Value
Internal diameter Dres 6.5m
Height Hres 6m

16



Heat transfer coefficient Ures 0.25 W m2 K1
High temperature zone Th 80 °C

Low temperature zone TL 60 °C

The actual control loops dealing with the system operation management are featured as follows:

e The high-level MPCs establish the set-points according to the solution of the related
optimization problem, as explained in Section 2.

e The low-level controllers regulate the actuators in order to track these set-points. In particular,
the water mass flow rate to each building is tracked with a feedback loop on the pump
rotational speed, while the supply temperature is maintained by setting the recirculation valve
with an open-loop controller. In addition, the operation of the building heating elements (e.g.
radiators and fan coils) is governed in order to keep the water outlet temperature at the design
value of 60 °C.

e When the available power is actually requested from the TSO and the storage is not full, i.e.
capable of accepting heat, an auxiliary feedback loop corrects the fuel mass flow rate
established by the MPC in order to accurately meet this request. Indeed, when not requested
and even if more cost-effective for the system, a higher production may compromise the
stability of the power grid.

e Another proportional feedback loop regulates the main circuit pump in order to set the inlet

water at the same temperature as the TES high temperature (i.e. 80 °C).

Finally, the cost parameters used in this MiL application are reported in Table 3. The electricity price,
considered constant, does not hinder the generality of the approach, since it is possible to include

variable prices as predicted disturbances.
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Table 3. Specific cost parameters of electricity and fuel in the MiL case study.

Parameter Symbol Value

Electricity bought from grid Coqg 160 € MWh'!
Electricity sold to grid Csg 80 € MWh!
Electricity fulfilling TSO request Crso 400 € MWh?
Fuel Ct 0.356 € Nm

3.2 System digital twin

The case study simulation is implemented in the MATLAB®/Simulink® environment. The digital
twin that emulates the real system is built by means of a library of models of energy system
components. These are assembled in a modular way to represent the system configuration of the
presented case study. The component blocks adopt a direct causality by considering the flows of
matter and energy that enter, exit or are stored within each unit, in order to provide a proper physical
representation during transients or in steady state. Each physical element is described by the
governing conservation equations in differential or algebraic form and considers both the hydraulic
and thermal domains. The library has been presented and used in previous studies [23,27,35] as a

reliable tool for accurate simulations of different DHNSs.

Particular importance has to be paid to the TES digital twin which, unlike the simplified thermocline
model used within the MPC, is based on a one-dimensional, multi-node approach. In this way, it
simulates more accurately, but with a higher computational effort, the thermal stratification
phenomenon occurring within a sensible heat storage tank, as thoroughly reported in [36]. In this
application, the tank is divided into n = 5 nodes, each at a temperature Tnode. Thus, the tank SoE is

estimated by the following balance:
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— (13)

SOETES =

3.3 Simulated scenarios

According to a defined schedule, the plant operator makes 1600 kW available to the power grid — as
a flexibility service — in a certain period of the day each day. As mentioned in Section 2.4, the

available power can be requested by the TSO (E2) or not (E1).

Different scenarios, with reference to the actual knowledge of occurrence of events E1 and E2, are
simulated and compared, in order to assess the proposed control strategy with uncertain request from

the TSO.

The four considered scenarios are summarized in Table 4 and illustrated in Figure 4 together with the

weights w in the global cost Eq. (12):

e Scenario 0 (SO): baseline scenario in which the supervisory-MPC does not include the
potential request of the TSO in the model prediction and optimization. The system reacts to
the request at the time it is submitted.

e Scenario 1 (S1): the plant operator knows in advance the exact occurrence of E1 or E2 for the
next few hours (e.g. three hours earlier), presumably when the TSO carries out production and
dispatch planning. In the rest of the prediction horizon, E1 and E2 are considered equally
probable events. The related cost functions appear in the global cost function with a weight
equal to 1 for the first three hours and to 0.5 for the rest of the prediction horizon. This scenario
is expected to be the most similar to reality.

e Scenario 2 (S2): the plant operator has no exact information regarding the occurrence of E1
or E2. The events are considered equally probable over the entire prediction horizon and,

therefore, equally weighted in the global cost function.
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e Scenario 3 (S3): the plant operator assumes that the power made available is always requested

by the TSO and, thus, E2 is always expected when availability is scheduled.

Table 4. Summary of the four simulated scenarios with the weights of the cost functions of E1 and E2 when power
availability has been assigned.

Scenario Short description Weight of E1 Weight of E2
S0 Only E1 considered over prediction horizon 1 0
s1 E1 or E2 occurrence known three hours before, 1vO0] 05 Ovl| 05
and equally probable over rest of horizon
s E1 and E2 equally probable over prediction 0.5 0.5
horizon
S3 Only E2 considered over prediction horizon 0 1
w1 w>
TSO request always assumed false SO 1 0
Request known Request unknown S1 1v0|05 [Ov1 (0.5
3h
Request unknown S2 0.5 0.5
TSO request always assumed true S3 0 1

Prediction horizon

Figure 4. Schematic representation of the four simulated scenarios with the cost function weights of E1 and E2.

3.4 Key Performance Indicators

In order to evaluate and compare the results of the different scenarios and conditions, six Key

Performance Indicators (KPI) have been selected:

e Operating cost [€]: the cost of the plant operation, as given by Eq. (14):
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Operating cost = CygEpg + Cimy (14)

where Epng is the amount of electricity bought from the grid and m¢ is the mass of fuel
purchased.
Operating margin [€]: the revenues due to the electricity sold to the grid, net of the operating

cost of the plant.
Operating margin = CggEgz + CrsoEtso — Chgbpg — Cimy (15)

where Etso and Esg are the amount of electricity sold to the grid in periods during which the

flexibility service is or is not requested, respectively.

Electrical requirement compliance [%]: the percentage of compliance with respect to the total
electricity requested by the TSO for the operation of the plant as flexibility provider.

Fuel consumption [Nm®]: the total amount of fuel consumed over the entire time span by the
CHP.

CO- emissions [kg]: the total amount of CO2 emitted to operate the services requested which
consist of (i) fulfilling the thermal and electrical needs of the school complex and (ii)
providing a flexibility service to the grid. This indicator is the sum of the emissions released
by the CHP and those related to the grid for the fulfillment of the rest of the electrical needs.
The emission factor for the CHP is assumed that of methane, i.e. equal to 2.16 kgco2/Nmicra
[37]. As for the emissions related to the grid, an emission factor equal to 445.5 kgco./MWh
[38] is adopted.

Average conversion efficiency [%]: the average first principle efficiency of the CHP. This
indicates whether the plant has worked close to or far from the most convenient load

conditions and is obtained as the total useful energy with respect to the fuel energy consumed.

21



4. Results and discussion

The network has been simulated for three representative winter days, in which the users need for
heating is typically greater. Firstly, power availability is scheduled when it is expected to have the
maximum thermal demand from the downstream buildings (i.e. morning), so that the thermal power,
produced in combination with the electrical power, can be either exploited to heat up the buildings or

stored in the TES, which has a low SoE due to the high thermal demand.

The novel control method, however, may increase system flexibility and make it suitable to work as
a grid service provider also at times of minimum thermal demand, i.e. during the night. The need for
flexibility during off-peak periods may become increasingly common in the future due to a more
widespread use of electric vehicles, which are typically charged during the night, when production
by photovoltaic panels is not available. For these reasons, an additional set of simulations in which
the power availability is scheduled out of the expected maximum thermal demand is also shown and

its results are evaluated.

4.1 Power availability during the morning

In the first case studied, the plant operator schedules 1600 kW available to the power grid from 7:00
a.m. to noon each day. In this period, the TSO may or may not request this flexibility: Figure 5 shows

the available and actual electricity requested, as considered in the simulations.

1600 T T T
Available
= Requested
z
5 800 7
B
o
[
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0 12 24 36 48 60

Time [h]

Figure 5. Electrical power made available by the plant operator and actually requested by the grid operator over three
representative days (morning case).
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The primary goal of the control strategy is to maintain the indoor comfort of the end-users, so it is
important to verify the effective delivery of heat. Coherently with previous papers [23,25], Figure 6
shows that the required thermal conditions of the buildings are kept within the limits at all times in
all scenarios, confirming the effectiveness of the building-MPCs. Moreover, for each building, it is
possible to identify a similar trend in the indoor temperature of the four scenarios. This behavior is
reasonable considering that the control strategy of the downstream part of the network is not affected

by the management of the generation site, being decoupled from it by means of the TES.
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Figure 6. Indoor temperature of the three buildings in the four scenarios (morning case). The shaded area represents the
indoor temperature constraints.

Unlike the indoor temperatures, the management of the CHP plant and the TES is different in each
scenario since it is influenced by the knowledge of the power requested by the TSO. The power
production for each of the four scenarios is represented in Figure 7, and is compared to the actual

electricity demand (the shaded area), which is the sum of the electrical needs of the school complex
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and the power requested by the TSO. The SoE of the TES, i.e. percentage of energy content of the

water in the tank with reference to the maximum, is represented in Figure 8.

Electrical Power [KW]

Figure 7. Electrical power produced by the CHP in the four scenarios (morning case). The dark and light shaded areas
represent the consumer demand and actual power requested by the grid operator, respectively.
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Figure 8. State of Energy of the TES in the four scenarios (morning case).
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The results show that when the possibility to produce electrical power to provide grid flexibility is
considered in the MPC (i.e. S1, S2, S3), the TES is kept emptier in order to leave some margin to
store the CHP heat. Indeed, this comes together with the CHP power production which allows the
TSO electricity demand to be met. In SO, instead, the request can be met only as soon as it is submitted
with the auxiliary feedback loop, and as long as the storage is not full. Since this control is not able
to predict the TSO request, the management of the system is not optimal and, in some cases (e.g. in
the second day of the simulations), it is not possible for the plant operator to fulfill the total electrical
request. In fact, due to the inability to dissipate the extra heat produced by the CHP, the plant switches
off when the SoE of the TES reaches the maximum. From Figure 7, it can be observed that S1 gives
better results in terms of electrical compliance with the request made by the TSO, since the electricity
production follows the demand almost perfectly. In this scenario it is assumed that the TSO request
is known exactly three hours in advance, thus the MPC is able to administer the TES with more
confidence. As it is the case that better represents reality, S1 presents a promising outcome for real-

world implementation.

The total emissions of CO> are illustrated in Figure 9, in which the lower part of the bars represents
the emissions related to the operation of the CHP plant, while the higher part is the equivalent CO>
related to the grid in order to meet the portion of the total demand (i.e. both TSO and school complex)
not fulfilled by the CHP plant. While the former does not present significant differences in the four
scenarios, the emissions related to the grid are considerably lower in S1. This happens because both
the TSO request and the user demand are adequately fulfilled in S1, thus the amount of electricity
that has to be purchased is lower than in the other scenarios. In SO, electricity from the grid is needed
instead to satisfy the TSO request which is not followed by the production of the CHP. Finally, in the
scenarios in which there is uncertainty over the entire prediction horizon (S2) and when there is the
assumption that the available power is always dispatched (S3), in order to keep a low SoE of the TES
as the maximum request from the TSO is expected, the power need of the buildings cannot be fulfilled

properly. Consequently, it is necessary to buy electricity to meet the school complex demand. This is
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evident from Figure 7, where in S2 and S3 the CHP switches off before the period in which the TSO
is expected to request electricity, in order to have enough heat capacity in the TES to meet the demand
for the entire availability period. That is reasonable, because the objective of the optimization is the
maximization of the operating margin and the reward related to the electricity sold for flexibility

purposes is much higher than in other periods.

These results are confirmed by Table 5, in which the KPIs for each scenario are shown. The electrical
requirement compliance of S1, in which the constraints of the subsequent three hours are known
precisely, is the highest and reaches 99.96%. Indeed, the controller is able to react and operate the
system in order to achieve the total power demand. On the other hand, S2 and S3 present a lower
electrical compliance: the necessity to produce electricity as a flexibility service is overestimated and,
given the limitations on TES capacity, the actual production is planned in less profitable hours. At
the same time, in SO, where the potential request of electricity by the grid operator is not considered

in the model prediction and optimization, the electrical requirement compliance is equal to 87.19%.

20000 e

15000

10000

CO2 emissions [kg]

5000

SO S1 S2 S3

Figure 9. Total CO; emissions in the four scenarios (morning case) divided into: CO, emitted by the CHP plant (lower
bars) and by the CO- related to the grid in order to comply with the electrical demand of the school complex and of the
TSO (higher bars).
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Table 5. KPIs in the four scenarios (morning case).

Scenario Operating  Operating Electrical Fuel CO2 Average
cost[€]  margin [€] requirement  consumption emissions  conversion
compliance [%] [Nm3] [ka] efficiency [%0]
SO 3125 2434 87.19 7203 17 850 92.06
S1 3263 2941 99.96 7057 17 310 92.02
S2 3729 2 409 93.02 7 056 18 980 92.47
S3 3779 1 896 82.49 7097 19 830 92.04

It is interesting to note that this parameter is higher in SO than in S3, in which the TSO request is
significantly overestimated. This leads to an inappropriate filling of the TES, which cannot receive
the heat that would be produced when fulfilling the actual power request. As for the plant operation,
the average conversion efficiency is slightly lower than the nominal first principle efficiency, since

the CHP works at lower rates when the TES is not full and only the user demand needs to be met.

Table 6 reports the results in terms of energy production and demand for the four simulations. It can
be seen that the total amount of electricity produced by the CHP plant is similar for the four scenarios,
though S1 presents the lowest production. In the two scenarios in which it is known that the flexibility
service has to be performed, but there is uncertainty about its actual demand, namely S2 and S3, the
electricity sold to the grid during times in which it is not requested is more than 30% of the total

production, while in SO and S1 this value is lower (around 20%).

Conversely, S1 has the highest percentage of electricity sold to the grid as a flexibility service
(48.1%), being the scenario that better complies with the actual TSO request. The scenario with the
highest share of self-consumed energy is SO, followed by S1. This confirms the effectiveness of the

control strategy of SO, in which only user demand is privileged, while the TSO request is omitted.
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Table 6. Energy results of the four simulations (morning case).

SO S1 S2 S3
[kwh]
TSO
14 400
request
Total 30 397 29924 30171 30 233
Self-consumed 11132 (36.6%) 9946 (33.2%) 7028 (23.3%) 6 810 (22.5%)
Production
(share) Sold 6 710 (22.1%0) 5585 (18.7%0) 9 748 (32.3%) 11 545 (38.2%)
Flexibility
service 12 555 (41.3%) 14 394 (48.1%) 13395 (44.4%) 11878 (39.3%)
Total 14 642
Demand 0 0 o 0
(share) Self-produced 11 132 (76.0%0) 9 946 (67.9%0) 7 028 (48.0%0) 6 810 (46.5%)

Bought 3510 (24.0%)

4696 (32.1%) 7614 (52.0%) 7832 (53.5%)

As for user electrical energy demand, SO and S1 self-produce 76.0% and 67.9%, respectively, while

S2 and S3 do not reach 50%. This happens because in S2 and S3 the plant operator renounces the

fulfillment of the electrical needs of the school complex in order to keep the TES empty enough to

produce electricity afterward in order to comply with the theoretical TSO request.

4.2 Power availability during the night

In the second case studied, the plant operator schedules the available power during the night, at the

time of minimum thermal demand. In order to calculate the maximum time period for which it is

possible to entirely satisfy the electrical TSO request in the absence of thermal demand, the total

amount of heat that can be stored in the TES is evaluated as follows:
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Qres = My, o¢(Ty — T1.) (16)

with mu20 being the water mass contained within the TES, and Twand T being the high and low
temperatures of the tank, according to the thermocline assumption (Section 2.3). Knowing that the
power scheduled as a flexibility service is Per= 1600 kW, the corresponding thermal output from the
CHP can be calculated as:

) Py
Qcup = 77_ (M — Ne1) (17)

el

Therefore, the time span for which it is possible to fulfill the electrical demand, obtained by means

of Eq. (18), isequal tot = 2.4 h.

QrE
; = Qs

= — 18
Qcnp 19

Consequently, in order to guarantee the possibility to fully comply with the TSO request, a period of

2 h of availability is chosen and scheduled from 2:00 a.m. to 4:00 a.m., as shown in Figure 10.
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= Requested
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Figure 10. Electrical power made available by the plant operator and actually requested by the grid operator over three
representative days (night case).

Coherently with the morning case, the effectiveness of the control strategy in maintaining the end-

users’ indoor comfort is verified, showing results similar to those exposed in Figure 6.
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In Figure 11, the electrical production is compared to the total request (shaded area), which is the sum
of the electrical needs of the buildings and the actual flexibility requested by the TSO. The results
show that, in the scenarios in which it is expected that the TSO may request a flexibility service (i.e.
S1, S2 and S3), 100% electrical compliance is achieved. This is reasonable considering that the total
amount of electricity demanded as a flexibility service can, theoretically, be fully met by the plant,
using less than the total TES capacity. Nevertheless, it is worth noting that in S1 the production of
electricity for flexibility closely meets the request, while in S2 and S3 it pursues the theoretical request
of 2 hours in each of the three days, injecting energy surplus into the grid even when not requested.
On the other hand, when the control strategy is not aware of the future TSO request (i.e. SO) the
results demonstrate that the CHP is not able to fulfill this completely because the TES is not kept
empty enough before the request. Indeed, from Figure 12 it is possible to observe that, especially
during the third day, when flexibility is requested, the SoE of the TES is already high and it suddenly
reaches its maximum, making it unfeasible to satisfy the TSO request, as the additional heat cannot

be dissipated.

On the contrary, looking at Figure 12 it is worth remarking that in S1, S2 and S3 the SoE is kept very
low during the night, so it is possible to produce all the electricity requested by the TSO. Additionally,
in the scenario in which the exact TSO request is known three hours in advance (S1), the CHP does
not work during the night if the flexibility is not requested. Indeed, it switches on only when the heat
is effectively demanded by the school complex, thus avoiding heat losses to the environment through
the TES shell. This behavior also leads to a lower total fuel consumption in S1 compared to the other
scenarios (Table 7). With respect to this, it can also be observed that the utilization of the CHP in SO
is characterized by lower steps when the TSO requests flexibility, compared to the other scenarios.
This is again coherent with the aim and cost function of SO. As for the comparison of the total CO>
emissions in the four scenarios, similar considerations to those made for Figure 9 can also be deducted

by Figure 13. In particular, S1 is the case with the lowest emissions.

30



Electrical Power [kKW]

Figure 11. Electrical power produced by the CHP in the four scenarios (night case). The dark and light shaded areas
represent the consumer demand and actual power requested by the grid operator, respectively.
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Figure 12. State of Energy of the TES in the four scenarios (night case).
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Table 7 displays the KPIs obtained in the night case. As already noticed, all the scenarios achieve
100% electrical requirement compliance except for SO, which instead presents the lowest operating
margin and the highest fuel consumption and CO2 emissions. These results confirm that the MPC
control strategy used for S1, S2 and S3 effectively increases system flexibility and makes it suitable
to work as a power provider also when there is minimum thermal demand. Furthermore, the CHP
generally works at a higher load and, thus, conversion efficiency compared to SO, since a higher

request is included in the optimization.
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Figure 13. Total CO; emissions in the four scenarios (night case) divided into: CO emitted by the CHP plant (lower bars)
and by the CO: related to the grid in order to comply with the electrical demand of the school complex and of the TSO
(higher bars).

Table 7. KPIs in the four scenarios (night case).

Scenario Operating Operating Electrical Fuel CO2 Average
cost [€] margin [€] requirement  consumption emissions  conversion
compliance [%] [Nm3] [ko] efficiency [%]
SO 2 558 - 695 43.86 6 984 16 460 92.01
S1 2822 -235 100.00 6 383 15 300 92.34
S2 2 856 -175 100.00 6 439 15 440 92.59
S3 2877 -36.4 100.00 6474 15 550 91.99
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Looking at Table 8, it can be seen that the total electrical production in S1, S2 and S3 is almost equal,

while the production of SO is higher, and the most part is used for self-consumption. During the

availability period, SO is the scenario which sells less electricity, both in absolute value and in

percentage (only 7.2% of the electricity produced is sold as a flexibility service), while this quantity

is more than doubled in the other scenarios.

Moreover, SO fulfills the school complex electrical energy demand up to 96.9% with self-production,

buying only 3.1% from the grid, while this purchase from the grid rises up to more than 20% in other

scenarios. This is a consequence of the effectiveness of SO in considering only the user needs and the

fact that the other cases put the more remunerative TSO request first.

Table 8. Energy results of the four simulations (night case).

S0 S1 S2 S3
[KWh]
TSO
4 800
request
Total 29 063 27123 27 431 27 439
Self-consumed 14 187 (48.8%) 11 198 (41.5%) 11 114 (40.6%) 11 062 (40.4%)
Production
(share) Sold 12771 (43.9%) 10988 (40.7%) 11481 (41.9%) 11507 (42.0%)
Flexibility
cervice 2 105 (7.2%) 4 800 (17.8%) 4 800 (17.5%) 4 800 (17.5%)
Total 14 642
Demand
(share) Self-produced 14 187 (96.9%) 11 198 (76.5%) 11114 (75.9%) 11 062 (75.5%)

Bought

455 (3.1%)

3 444 (23.5%)

3528 (24.1%)

3580 (24.5%)
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4.3 Final remarks

Overall, in both cases (when power availability is scheduled at maximum and minimum thermal
demand), the effectiveness of the control strategy based on MPC is verified and regarded as

promising, in particular as far as real-world conditions are concerned.

The profit is significant due to the high remuneration of the flexibility service. In the morning case,
power availability is scheduled for 5 hours each day and the three-day TSO request amounts to a total
of 9 hours. Hence, the resulting operating margin is positive. On the other hand, the night case
presents a final TSO request of 3 hours and, consequently, a lower income. Another difference
between the two cases can be seen in the average TES SoE, which is much lower when power

availability is scheduled during the night, as the total power demand that has to be met is lower.

In addition, this method can be helpful for providing insights in terms of operation and management

and, therefore, for discussing and revising production scheduling and design choices.
In light of these results, some improvements can be proposed for further studies:

e The auxiliary controller could be modified in order to avoid electricity production when the
flexibility service is not actually requested. Indeed, a large injection of power into the grid,
when not requested, may compromise the grid stability, leading to potential harm.

e Another degree of freedom could be added to the current system with the possibility of
dissipating the surplus heat produced by the CHP. This would allow thermal and electrical
production to act independently.

e Different methods to consider the uncertainty, as well as additional sources of uncertainty
(e.g. variability of the external environment conditions or of the electricity market prices),

could be investigated to generate a robust MPC.
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5. Conclusions

In the current global energy system, there is a growing need for dispatchable electricity generators
that can make electrical power available to the power grid operator when requested, in order to deal
with the discontinuity of renewable generators. This work proposed a novel method for enhancing
grid flexibility by means of the smart control of cogeneration plants coupled with district heating
systems and thermal energy storage, which provide the aforementioned service when there is demand
uncertainty. Indeed, at selected time intervals, the plant scheduled power availability, which could
actually be dispatched or not by the grid operator. The control approach was based on a multi-agent
hierarchical Model Predictive Control architecture which minimized building heat consumption and
managed the plant and storage to maximize the operating margin while attempting to comply with
the electricity request. In order to consider the uncertainty of this parameter, a case study was
simulated in several scenarios, in which the actual request of the grid operator was either known, to
various extents, or not at all. The control results showed that, while thermal comfort was always
guaranteed, the fulfillment of power request was assured to different degrees depending on the
scenario. The best performance in terms of compliance with the request (almost 100%), cost-
effectiveness and reduction in carbon emissions was obtained in the close-to-reality case in which the

power request is precisely known three hours in advance.

Furthermore, the control strategy allowed the flexibility service to be scheduled and provided not
only when there was a peak in heat demand (i.e. during the morning) but also when there was low
demand (i.e. night hours). Therefore, it has been demonstrated that the proposed predictive controller

is a suitable approach for facing the flexibility challenges of future renewable energy systems.
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Nomenclature

ATEes

Dres

Hres

LHV

base surface of the storage tank [m?]

first building performance coefficient [s]
second building performance coefficient [°C kJ]
specific cost [E/MWh] or [€/kg]

water specific heat capacity [kJ kg™ °C*]
diameter of the storage tank [m]

electrical energy [kJ]

height of the storage tank [m]

cost function [€]

fuel lower heating value [kJ kg™]

mass [kg]

mass flow rate [kg s?]

number of time-steps [-]

number of nodes of the storage detailed model [-]
electrical power [kKW]

thermal power [kW]

heat [kJ]

on-off switch [-]

temperature [°C]

time [s]
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Utes

Subscripts

dem
el

ext

heat transfer coefficient of the storage tank [kKW m K]
height of the thermocline [m]

penalty for state constraint violation [€]

efficiency [-]

water density [kg m]

weight of the event cost in the total cost function

building

bought from the power grid
demand

electrical

outdoor

fuel

high temperature zone
first principle
time-step index

low temperature zone
return

supply

supervisory
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9

tot

Acronyms

CHP

DHN

KPI

MiL

MPC

SoE

SP

TES

TSO

UVAM

sold to the power grid

total

Combined Heat and Power
District Heating Network

Key Performance Indicator
Model-in-the-Loop

Model Predictive Control
State of Energy

set-point

Thermal Energy Storage tank
Transmission System Operator

Mixed Aggregated Virtual Units
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