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Executive summary

The deliverable summarizes the results from task “T2.3 Model Predictive Control algorithm
develpment”, the goal of which was to develop an innovative control strategy for multi-energy
systems feeding district heating and cooling networks based on Model Predictive Control
(MPC).

The proposed algorithm aims to combine the benefits of short-term optimization (i.e. with short
control horizon and high detail) and long-term optimization (i.e. with long control horizon and
low time resolution) within a unique architecture, that is able to (i) fulfill end-user demand of all
energy vectors, (ii) couple two different time scales, and (iii) be applied in a real-time MPC.
The three interacting space and time control layers of the control architecture are:

o Distribution modules, for controlling the energy distribution to a section of the heating
and cooling network

e Short-Term Supervisory module, namely ShoTS, a low-level supervisory controller
which controls the thermal power station in real time, based on a short-term objective
and prediction horizon.

e Long-Term Supervisory module, namely LoTS, a high-level supervisory controller
which solves the yearly scheduling problem of the thermal power station with a daily
time resolution, including long-term factors. It also generates optimal bands of
operation for the variables of the ShoTS problem (i.e. long-term constraints).

In the long run, real-time automatic control carried out by ShoTS should lead to the fulfillment
of the yearly goals, since it is forced to follow the optimal bands of operation given by LoTS.
These modules are Model Predictive Control agents and, hence, their calculations are
repeated every time-step in order to provide an updated solution every time new information
is available.

The LoTS module solves an energy scheduling problem with reference to the energy
produced daily by the energy conversion units in the thermal power station. Its objective is to
define the daily energy production over the entire year to minimize the total operating cost
(including the revenues from incentives such as the Energy Efficiency Titles for high efficiency
cogeneration). The problem is a Linear Programming with the following sets of constraints:
daily demands to be satisfied, operational boundaries, maximum and minimum variable
constraints (for defining optimal bands of operation), contractual/yearly constraints, seasonal
storage, and maximum operating hours of the plants.

The ShoTS module solves a highly detailed unit commitment problem. Its objective is to define
the operation of the energy conversion units in the thermal power station in order to minimize
the operating cost over a short-term prediction horizon. The problem is a Mixed Integer Linear
Programming with the following sets of constraints: demands to be satisfied, operational
boundaries, ramp constraints, long-term constraints (from LoTS), start-up costs, hierarchical
constraints (to avoid problem symmetry), minimum up-time and down-time, and maximum
number of start-ups in the prediction horizon.

The software implementation has been done in MATLAB® for the simulation and testing in the
Model-in-the-Loop environment and in Python for the demonstration in the real test site. The
entire procedure is carried on automatically by means of a scheduler. The ShoTS and LoTS
parameters are declared in .json files, the disturbances and real system operation of the Cona
Hospital are passed through .csv files, and the output of the control logic is returned within a
.csv file, which is read by the Building Energy Management System to apply the control action.



1. Introduction

This report is the deliverable D2.3. of work package WP2 of the DISTRHEAT project, led by
University of Parma. The work package “WP2 — System study, modeling and algorithm
development for small DHC” aims to develop a system model of a small-scale District Heating
and Cooling network (DHC), in particular of the small-scale case study, and an optimization
algorithm suitable for its optimal management within a Model Predictive Controller.

The coordinated activities of WP2 are illustrated in Figure 1.

T2.1 Analysis of the case study T2.2 Modeling and validation

Development of a detailed
model of the small -scale
Analysis of the DHC for MiL testing
small-scale DHC
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Figure 1. Schematic representation of main tasks and activities of WP2. The present
deliverable focuses on T2.3.

The deliverable summarizes the results from task “T2.3 Model Predictive Control algorithm
develpment”, the goal of which was to develop an innovative control strategy for multi-energy
systems feeding district heating and cooling networks based on Model Predictive Control
(MPC). The strategy should have a double-time scale hierarchical configuration, with different
interacting control levels, which have the scope to combine real-time control (possible only in
the short-term) with long-term objectives and constraints typical of yearly scheduling
approaches. Indeed, the control module on the higher level optimizes the constraints for the
low level control module on a yearly basis, by accounting for economic aspects and incentives.
In turn, the low level module optimally controls the system based on a daily objective function.
The controller has to be customized for the implementation to the small DHC network studied
and analyzed in T2.1.

In this deliverable, the control architecture and objectives are firstly determined. Secondly, the
two supervisory control levels are developed and described separately. Then, the
communication between the control levels, implementation and software specifications are
reported. The control strategy outlined in this deliverable can be tested and verified in the
Model-in-the-Loop simulation environment of T2.3, or it can be implemented in the real test
site, as an activity of WP3.

The work has been conducted from M13 to M24 of the project.



2. Control algorithm architecture

2.1. General concept

The state-of-the-art optimization algorithms for energy systems available in the literature focus
either on short-term optimization (i.e. with short control horizon and high detail) or on long-term
optimization (i.e. with long control horizon and low time resolution). The proposed algorithm
aims to combine the benefits of these two approached within a unique architecture, that is able
to manage integrated energy networks with multiple interacting energy vectors and required
energy services, as well as several energy conversion plants to be coordinated in the thermal
power station.

The control algorithm has the following goals and features (Saletti et al., 2022):

¢ Fulfillment of end-user demand of all energy vectors (e.g. heating, cooling, electricity,
and steam) with the lowest operating cost on a yearly basis, including the revenues
deriving from incentives (e.g. Energy Efficiency Titles for high efficiency cogeneration);

¢ Coupling of two communicating optimization layers which operate at two different time
scales, i.e. long-term optimization coupled with short-term optimization.

¢ Modular and suitable in particular to small-scale district energy, e.g. campus, hospitals
(as the case study presented in D2.1), and small neighborhoods.

e Application in a real-time controller based on Model Predictive Control. Since this
requires the algorithm to be updated and recalculated at each time interval, a high
computational speed that enables real-time control applicability is of primary
importance.

The original concept and all its layers are illustrated in Figure 2.
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Figure 2. Block diagram of the Model Predictive Control algorithm developed in the project. It
is possible to recognize the two supervisory control levels (Saletti et al., 2022).

The three interacting space and time control layers (Saletti et al., 2022) are defined as follows:

o Distribution modules. Each of these modules manages energy distribution to a section

of the heating and cooling network (Saletti et al. 2020) and provides the forecast of the

heating and cooling requirements over a short-term prediction horizon (e.g. the
following two days).



e Short-Term Supervisory module, namely ShoTS. It is a low-level supervisory
controller which controls the thermal power station in real time, based on a short-term
objective and prediction horizon. This layer receives (i) the demand forecast from the
distribution modules, (ii) long-term constraints calculated by a high-level supervisory
controller, and (iii) feedback on the actual operation of the system.

e Long-Term Supervisory module, namely LoTS. It is a high-level supervisory
controller that (i) receives the actual system operation in the form of the cumulated
energy and fuel consumed, (ii) solves the yearly scheduling problem of the thermal
power station with a daily time resolution, thus including long-term factors, and (iii)
generates the long-term constraints for ShoTS.

In the long run, real-time automatic control carried out by ShoTS should lead to the fulfillment
of the yearly goals, since it is forced to follow indications given by LoTS.

These modules are Model Predictive Control agents and, hence, their calculations are
repeated every time-step in order to provide an updated solution every time new information
is available. The features of the modules regarding time parameters (i.e. prediction horizon
and time resolution), objective function, constraints, available disturbances and problem type
are summarized in Table 1.

Table 1. Features of the three main control modules of the Model Predictive Control strategy
for small DHC developed in the project (Saletti et al., 2022).

Distribution module ShoTS module LoTS module
Objef:tlve Mlnlmlze energy Minimize operating Minimize yearly cost
function supplied to end-user cost

Meet daily demand,
efficiency incentives,
contracts and
maintenance

End-user indoor Meet energy demand,

Constraints plant operation,
comfort temperature .
long-term constraints

. Outdoor temperature, Energy demand, Energy demand,
Disturbances . - . -
occupation schedule hourly cost of electricity daily cost of electricity
Prediction
horizon 2 days 2 days Whole year
Time-step 15 minutes 15 minutes 1 day
. . : Mixed Integer Linear : .
Algorithm Dynamic Programming Programming Linear Programming
2.2. Long-term supervisory module

The LoTS module solves an energy scheduling problem with reference to the energy produced
daily by the energy conversion units in the thermal power station in order to match the daily
energy demand of all energy vectors. Its objective is to define the daily energy production over
the entire year to minimize the total operating cost (including the revenues from incentives
such as the Energy Efficiency Titles for high efficiency cogeneration). The problem is a Linear
Programming (LP) due to the sole presence of continuous variables.

With N being the number of days of the prediction horizon, the disturbances, optimization
variables, required data, objective function and constraints are reported below.

Even though a seasonal storage is not present in the case study, the algorithm has been built
by including the possibility to store and retrieve thermal energy from a seasonal storage tank.



This is characterized by the amount of energy that can be stored (State of Charge), charge
and discharge efficiencies and percentage loss parameter.

NOTE: All units reported in the tables in the remainder of the deliverable are those used for
the exchange of information and algorithms implementation in simulation environment and real
case study. The implementation of the equations in this deliverable must be carried out with
the consistency of the units.

Plant models
The plants in the thermal power station are modeled with a relationship between daily input
energy and daily output energy characterized by a fixed nominal efficiency. This is exemplified
in Eq. (1), written for plant j and day k:

Eout,j,k = 77]' Ein,j,k (1)

The CHP efficiency is additionally corrected with the outdoor temperature Toyu as follows:

Nel,CHP,k = V1,el Tout,k + ¥2,el (2&)

_ {V1,I1 Toutk + V211 if Tougk < Toutnom (2b)
n.CHPk = Y112 Tout,k + Y212 if Tout,k > Tout,nom

Nth,CHP,k = M1,CHP,k — Mel,CHPk (2c)

where ne, m and nn are the electrical, first principle and thermal efficiencies, and the
coefficients y are identified based on the data provided in the manufacturer’s datasheets.

Disturbances

Description Disturbance Unit Type From
Daily heat demand Edemn MWh array Prediction/historical
Daily cold demand Edem,c MWh array Prediction/historical
Daily electricity Edem,el MWh array Prediction/historical
demand
Daily steam demand Edemst MWh array Prediction/historical
Daily average outdoor Tout °C array Prediction/historical
temperature
Daily cost of electricity Cs EUR/MWh array Prediction
sold to the grid
Daily cost of electricity Cp EUR/MWh array Prediction
bought from the grid

Optimization variables
Description Variable Unit Type
B inlet energy Eg MWh Continuous
CHP inlet energy Ecyp MWh Continuous
CHP dissipated heat Egiss MWh Continuous
ABS inlet heat Eags MWh Continuous
SG fuel mass flow rate Esc MWh Continuous
EC inlet electricity Egc MWh Continuous




Grid bought electricity MWh Continuous
Grid sold electricity MWh Continuous
B maximum inlet energy MWh Continuous
CHP maximum inlet energy Mcyp MWh Continuous
SG maximum inlet energy MWh Continuous
Grid maximum bought electricity MWh Continuous
Grid maximum sold electricity MWh Continuous
B minimum inlet energy MWh Continuous
CHP minimum inlet energy Mmcyp MWh Continuous
SG minimum inlet energy MWh Continuous
Grid minimum bought electricity MWh Continuous
Grid minimum sold electricity MWh Continuous
CHP useful electricity Eelcup MWh Continuous
CHP maximum useful electricity Mg cup MWh Continuous
CHP minimum useful electricity Mel.CHP MWh Continuous
CHP useful heat Eh.cup MWh Continuous
CHP maximum useful heat Mh.cup MWh Continuous
CHP minimum useful heat Mth,CHP MWh Continuous
St State of Charge (stored energy) SoCs; MWh Continuous
St inlet heat Estin MWh Continuous
St outlet heat Estout MWh Continuous
B daily availability g - Continuous
CHP daily availability ECHP - Continuous
ABS daily availability EABS - Continuous
SG daily availability £sg - Continuous
EC daily availability EEC - Continuous

Notes:

e The maximum (M) and minimum (m) variables constitute the boundaries of the
corresponding energy variables. They are passed to the ShoTS module as long-term
constraints.

e The daily availability (¢) is a continuous variable between 0 and 1. It reduces the
maximum operation of plant j during day k. The variable is O if the plant is under
maintenance or cannot operate during the given day.

o Finally, it is possible to vary the composition of the thermal station by varying the
indexes of the variables corresponding to the different plant types.

Required data

Description Parameter Unit Type | Time variation

Fuel lower heating value LHV MWh/kg Scalar Fixed

Cost of fuel Cr EUR/kg Scalar Fixed
Yearly parameters

Maximum fuel consumption Mtyelmaxy kg Scalar Fixed

over the year

Minimum fuel consumption Mtyel,min,y kg Scalar Fixed

over the year

Maximum electricity sold to Egsmaxy MWh Scalar Fixed

the grid over the year




Minimum electricity sold to Egsminy MWh Scalar Fixed
the grid over the year
Maximum electricity bought Egb,maxy MWh Scalar Fixed
from the grid over the year
Minimum electricity bought Egpminy MWh Scalar Fixed
from the grid over the year
Minimum first principle h - Scalar Fixed
efficiency for CHP
Minimum Primary Energy PES - Scalar Fixed
Saving
Reference electrical/thermal Nel/Mth - Scalar Fixed
efficiencies for PES
Factor for grid losses p - Scalar Fixed
Energy Efficiency Titles CEET EUR/MWh | Scalar Fixed
(EET) value
Reference electrical/thermal NelLEET/Mth,EET - Scalar Fixed
efficiencies for EET
calculation
Coefficient for EET K - Scalar Fixed
calculation
Plant parameters
Constant nominal efficiencies n - array Fixed
Upper operating boundaries iNgax MWh array Fixed
Maximum yearly operating OH h array] Fixed
hours
Maximum electricity sold to Egs max MWh Scalar Fixed
the grid daily
Maximum electricity bought Egb,max MWh Scalar Fixed
from the grid daily
Seasonal storage parameters
Maximum stored energy Est max MWh Scalar Fixed
Maximum State of Charge SoChax MWh Scalar Fixed
Minimum State of Charge S0Cin MWh Scalar Fixed
Initial State of Charge SoC, MWh Scalar Updated at
each new
problem
Charge/discharge efficiencies |  7nsch/Mstdisch - Scalar Fixed
Maximum energy Estinmax MWh Scalar Fixed
stored/retrieved daily /Est.out.max
Loss parameter Eloss - Scalar Fixed
Winter/summer day number dayssew - array Fixed
in which energy cannot be /dayssts
stored/retrieved from storage
Cumulated parameters in the past up to current day
Electrical energy produced EglagIEIP MWh Scalar Updated at
by CHP ' each new
problem
Thermal energy produced by E&aé;p MWh Scalar Updated at
CHP ' each new
problem
Fuel energy used by CHP E}’g;tp MWh Scalar Updated at
' each new
problem




Total fuel energy Eflzlslt MWh Scalar Updated at
each new
problem
Electrical energy bought by EF’;‘St MWh Scalar Updated at
grid 8 each new
problem
Electrical energy sold to grid Eé’saSt MWh Scalar Updated at
each new
problem

Constraints

The constraints, for better clarity, have been divided into different groups depending on their
type and purpose. They are summarized in Table 2 and detailed in the following paragraphs.

Table 2. Summary of constraint types of the LoTS module.
Constraint number Description
Lower and upper boundaries = Boundaries on the variables
I Satisfy daily demand of all energy vectors at each day
Il Operational boundaries of all plants at each day
1] Maximum and minimum variables constraints

v Contractual/yearly constraints
Y, Seasonal storage constraints
Vi Operating hours constraints

e |Lower and upper boundaries:

All variables have to be positive, thus they are constrained between 0 and infinite. The State
of Charge and energy variables of the seasonal storage (if present) are subject to the following
upper (ub) and lower boundaries (Ib) for each day k:
lb(SOCSt’k) = SOCmin
ub(SoCstx) = S0Cmax
ub(ESt,in,k) = ESt,in,maX
ub(ESt,out,k) = ESt,out,max
They are further updated according to winter (energy cannot be stored during defined winter
days) and summer days (energy cannot be retrieved during summer), as follows:
ub(ESt,in,k) =0 Vke daySSt,w
ub(ESt,out,k) =0 Vke daySSt,s
The daily electricity exchange is bound as follows, for each day k:
ub(Egb,k) = Egb,max
ub(Egs,k) = Egs,max
Finally, the upper boundaries for the daily availability variables are set as 1:
ub(gr) =1 Vdayk, Vplant]

e Constraints |

v day k:

Z(’?B,jEB,j,k) + Ewcupk — EaBsk — Estink T Estoutk = Edemhk
j
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Z(nEC,jEEC,j,k) + EaBsk = Edem,ck
j

Eelcupx — Z Egcjx + Egbk — Egsk = Edem,elk
j

Z(’?sc,jEsc,j,k) = Edem,stk
j

e Constraints I

v day k:

Eel,cupx — Mel,cupk Ecupx = 0 (equality of useful electricity produced by CHP)

Eth,cupk — Mthcupk Ecupk + Edissk = 0 (equality of useful heat produced by CHP)

Meicupk — Nel,cupk Mcupx = 0 (equality of maximum useful electricity produced by CHP)
M, cupx — Mthcupk Mcupk + Edissk = 0 (equality of maximum useful heat produced by CHP)
MelcHPk — NelcHPk Mcupk = 0 (equality of maximum useful electricity produced by CHP)
Mih,cHPk — Mth,cHPk Mcupk T Edissk = 0 (equality of maximum useful heat produced by CHP)

VY day k and V plant j:

in]-_k < inmax_j

v day k:

—Ew cupx + Eapsk < 0 (inequality of heat from the CHP)

e Constraints Ill

VY day k and V j variable that has a maximum variable M and a minimum variable m:
Ejx —Mjx <0

—E]"k + m; k <0

Vv day k and Vv j of plants working with fuel (B, CHP, SG):

Mgjk < iNpax £

where:

e E =|Ep, Ecup, Esc, Eg, Egs, Eel.cups Eth.cup)
° M= [MB' MCHP' MSG' Mgb'Mgs' Mel,CHP' Mth,CHP] (maXima Of Var‘iableS E)
L m = [mB, Mcyp, Msg, mgb, mgs, Me),cHP/ mth'CHp] (minima of variables E)

e M; = [Mg,Mcyp, Msg] (maxima of plants working with fuel)

e Constraints IV

Yk (Z Mpjx + Mcupx + 2y Mscjk) < Miueimaxy LHV — ERS' (max yearly fuel consumption)
Si(— Zimpix — Mepx — L Msaix) S ~Miueiming LHV + EPSE (min yearly fuel consumption)
Yk Mgbk < Egbmaxy — Eé’SSt (max yearly bought electricity)

— YkMgbk < —Egbminy + Ege (Min yearly bought electricity)

Yk Mgsx < Egsmaxy — Ene-. (max yearly sold electricity)

— Sk Mgsk < —Egsminy + Eneo" (min yearly sold electricity)

past past past . L -
Yk(1 menpx = Meicup — Mencup) < Eovcnp + Enenp — M1 Excnp  (first principle efficiency)

11




Epast past

1-PES 1-PES el,CHP th,CHP past
Yk ( Mcnpk ~ 5 MelCHP ~ mth,CHP) < <_11e1p L—— > (1 —PES) — E¢cyp (PES)

Y plant j:
Yk gk < % (max yearly operating hours for each plant)

e Constraints V

For the first time-step:
SOCSt,l = SOCO
Vk=1..N-1

50CSt,k+1 - (1 - gloss) SOCSt,k - nSt,chESt,in,k + ESt,out,k =0

Nst,disch

e Constraints VI

Vv day k and V plant j:
ins,j,k — inmax,jgj,k <0

where: ing = [Mg, Mcyp, Eas, Msq, Egcl

Cost function

The cost function is the total cost of operation from the current day to the final day of the year.
It includes the contributions of the fuel purchased, the electrical energy purchased from the
power grid, the revenues from the electrical energy injected into the power grid as well as the
revenues from the white certificates, that are awarded at the end of the year to the CHP plants
that meet the high efficiency cogeneration criteria (a minimum first principle efficiency and a
minimum Primary Energy Saving):

Cr Cr
Zk [m <Z Egjx + 2 ESG,j,k> + (m + CEET) Ecupx + coxEgbx — CskEgsk
j j

CEET E CEET E ]
- LCHP,k — h,CHP k
NelEET P ¢ Mth,EET ‘
2.3. Short-term supervisory module

The ShoTS module solves a highly detailed unit commitment problem which is further bound
with the long-term constraints calculated and sent by the LoTS module. Its objective is to define
the operation of the energy conversion units in the thermal power station in order to minimize
the operating cost over a short-term prediction horizon. The problem is a Mixed Integer Linear
Programming (MILP) due to the presence of continuous and binary variables.

With N being the number of time-steps of the prediction horizon, the disturbances, optimization
variables, required data, objective function and constraints are reported below. In addition, the
model of all plants in the thermal power station is described.

12




Plant models

The plants in the thermal power station are modeled with linear performance curves between
the plant input in (fuel power for B, CHP, SG, thermal power for ABS, electrical power for EC)
and the plant output out (thermal power for B and SG, electrical and thermal power for CHP,
cold power for ABS and EC), as in Eq. (3), written for plant j and time-step k:

out]-’k = CZ]' ' in]-’k + ﬁ] . 8j,k (3)

The performance coefficient of the curve, which can be determined based on the operating
points reported in the manufacturers’ datasheets, are given in Egs. (4):

OUtj,max - OUtj,min (4a)
a; = — .
1nj,max - lrlj,min
ﬁ]’ = outjmax — @j * INj max (4b)

This approach can be easily extended (with the addition of proper auxiliary binary and
continuous variables) to piecewise linear performance curves.
Moreover, the plants are divided into the following two groups:
e Type A (B, CHP, SG): plants that can be in idle mode or standby mode, i.e. the plant
is kept warm but is not producing.
e Type B (ABS, EC): plants that cannot be in idle mode or standby mode.

Disturbances

Description Disturbance Unit Type From

Total heat demand Qdemn kw array Distribution modules

Total cold demand Qdem,c kw array Distribution modules

Total electricity Pdem,el kw array Other prediction

demand module

Total steam demand Qdem st kw array Other prediction
module

Cost of electricity Cs EUR/kWh array Other prediction

sold to the grid module

Cost of electricity Cp EUR/kWh array Other prediction

bought from the grid module

Optimization variables

Description Variable Unit Type
B fuel mass flow rate mg ka/s Continuous
CHP fuel mass flow rate Mcyp kg/s Continuous
CHP dissipated heat Qiss kw Continuous
ABS inlet heat Qags kW Continuous
SG fuel mass flow rate Mgg ka/s Continuous
EC inlet electricity Pgc kw Continuous
Grid bought electricity Py, kw Continuous
B switch Op - Binary
CHP switch ScHp - Binary
ABS switch OABS - Binary
SG switch dsq - Binary

13




EC switch Okc - Binary
Grid sold electricity Pos kW Continuous
B start-up cost SUg kg Continuous
CHP start-up cost SUchp kg Continuous
ABS start-up cost SUpgs kJ Continuous
SG start-up cost SUgg kg Continuous
EC start-up cost SUgc kJ Continuous
B idle switch VB - Binary
CHP idle switch YcHP - Binary
SG idle switch YsG - Binary
Notes:

e The start-up cost of plant j is the additional inlet energy that must be fed in case of a
start-up (fuel mass for B, CHP and SG, thermal energy for ABS, electrical energy for

EC)

e The switch (o) of plant j is 0 if the plant is not producing and 1 if the plant is producing.
e The idle switch (y) of plant j is O if the plant is not in idle or stand-by mode (6 can be 0
or 1) and 1 if the plant is in idle mode (6 must be 0, since there is no production). This

variable is present only for plants A.

e Finally, it is possible to vary the composition of the thermal power station by varying
the indexes of the variables corresponding to the different plant types.

Required data

Description Parameter Unit Type Time variation
Fuel lower heating value LHV kJ/kg Scalar Fixed
Maximum electrical power Pys max kw Scalar Fixed
sold to the grid
Maximum electrical power Pob,max kw Scalar Fixed
bought from the grid
Performance curve first a - array Fixed
coefficient
Performance curve B kw array Fixed
second coefficient
Upper operating inmax kg/s (B, CHP, array Fixed
boundaries SG) or kW
(ABS, EC)
Lower operating ingn kg/s (B, CHP, array Fixed
boundaries SG) or kW
(ABS, EC)
Upper ramp boundaries ramp_up kg/s (B, CHP, array Fixed
SG) or kW
(ABS, EC)
Lower ramp boundaries ramp_down | kg/s (B, CHP, array Fixed
SG) or kW
(ABS, EC)
Start-up costs (additional Csy kg (B, CHP, array Fixed
fuel mass or energy SG) or kJ (ABS,
during start-up) EC)
Idle costs (additional fuel Cy kg (B, CHP, array Fixed
mass in idle mode) SG)
Minimum up-time uT - array Fixed

14




Minimum down-time DT - array Fixed
Number of up-time steps UT, - array Updated at
prior to prediction horizon each new
problem
Number of down-time DT, - array Updated at
steps prior to prediction each new
horizon problem
Initial states & - array Updated at
each new
problem
Initial idle states Yo - array Updated at
each new
problem

Constraints

The constraints, for better clarity, have been divided into different groups depending on their
type and purpose. They are summarized in Table 3 and detailed in the following paragraphs.

Table 3. Summary of constraint types of the ShoTS module.
Constraint number Description
Lower and upper boundaries = Boundaries on the variables
I Satisfy demand of all energy vectors at all time-steps
Il Operational boundaries of all plants at each time-step
Il Ramp constraints

v Long-term constraints (from LoTS module)

\% Start-up costs

Vi Hierarchical constraints (to avoid problem symmetry)
VII Minimum up-time and down-time

VIII Maximum number of start-ups in the prediction horizon

e |Lower and upper boundaries:

All variables have to be positive, thus they are constrained between 0 and infinite. Binary
variables are constrained between 0 and 1, or obvious reasons. As for the grid exchange
variables, they are subject to the following upper constraints:

Pgpx < Pghmax aNd Pggic < Pysmax  V time-step k

If a plant is under maintenance for a given time interval, the upper boundary of the switch
(variable o) at the corresponding time-steps is updated as O.

e Constraints |

Y time-step k:

Z(QB,jLHVmB,j,k + Br;i0gjx) + (acupnLHVMcupx + BenphOcupx) — Qapsk — Qdissk —
j

SUngsk
At

= Qdem,h,k

Z(“Ec,jp ecik T BecjOecik) T (@aBs@aBsk + BaBsdaBsk) = Cdem,ck
j

15




Ukc,jx

S
(arcup,elLHV heupy + Beup,elOcupx) — Z (PEC,j,k + T) + Pgpx — Pgsk = Pdem,elk
j

Z(“sc,jLH Vinsgik + BscjOscik) = Qdem,stk

)

e Constraints I

v time-step k and V plant j:
inj,k - in]-,max6]-,k <0
—in]-,k + in]-_min5j_k <0

v time-step k:
—(acupnLHVicypy + BenpnOcrpk) + Qassk + Qaissk < 0 (inequality of heat from the CHP)

e Constraints Il

Vk=1..N-landV plantj:
inj k41 — injx < ramp_up;
—inj 41 + injx < —ramp_down;

e Constraints IV

Y(acup,elLHVcupx + Bep,eécupx)At < Ecupmax  (Maximum CHP production)
Zk(_aCHP,elLHVThCHP,k - ﬁCHP,e15CHP,k)At < —Ecupmin  (Minimum CHP production)
Yi(Zimp ik + Meupk + X Msgik)At < Mpa,  (maximum fuel production)

Yk(— X mpjk — Mcupx — X Msgjk)At < —Mpin  (Minimum fuel production)

Yk Pgbx At < Egp max  (Maximum bought electricity over prediction horizon)

— 2k Pk At < —Egpmin  (Minimum bought electricity over prediction horizon)

Yk Pgs kAt < Eggmax  (Maximum sold electricity over prediction horizon)

— 2k Pgsk At < —Eggmin  (Minimum sold electricity over prediction horizon)
YkOcupk At < Tcupmax  (Maximum operating hours of the CHP)

— 2k Ocupk At < —Tcupmin  (MiNimum operating hours of the CHP)

e Constraints V

For the first time-step k =1 and V j of plants A:
Csu;8i1 — SUj1 < Csuj;(8j0 +¥50)
Yia < 80 +7j0

Vk=1..N-1andVjof plants A:
Csu,i®k+1 — Csu,iSix — Csu,j¥jk — SUjks1 < 0
8j,k + Yjk <1

Yik+1 — Vik — Ok <0

For the first time-step k =1 and V j of plants B:

16




vV k=1..N-1and V| of plants B:
Csu,i®k+1 — Csu,iSjx — SUjks1 <0

Notes:

The start-up is positive only when there is effectively a start-up. When the plant is left
in idle mode, there is no start-up. Moreover, the plant cannot be in idle mode if it was
completely off at the previous time-step. The possible variable combinations are
represented in the following following table.

Yk Oy Yi+1
0 0 0

1 0 ouil
0 1 Oul

The initial conditions §;, and y;, represent the actual plant state at the beginning of
the prediction horizon.

Constraints VI

Y time-step k and V j of B, SG and EC:
=6kt OBj+1xk <0

—8sgjk T 0sgjr1k <0

—0gcjk T Opcjr1k <0

Constraints VIl

v j of plants A with UT; > 1:
First time-step:
UTyj
1) IfUTy;>0: %, V(=6 — ¥jx) < —UTy;
UThj
2) FUTy; = 0: (UT; = 1)(8j1 +¥51) = Ziy’ (8 + ¥ia) < UT;(850 + ¥50)
Vk=UTnj+1...N-UT; + 1

k+UT]'—1
—UTy (811 + Vo) + (UT) = (B + 1) = ) oy @atyin) <0
n=

Vk=N-UT;+2...N:
N

—(N —k+ 1)(5]',](_1 + yj.k—l) + (N — k)(gl'k + yj,k) - Z k+1(6j'n + ]/j,n) <0
n=

v j of plants A with DT, > 1:
First time-step:

1) 1fDTp; > 0: X0 (8 + ¥jx) < O
2) I DTy5=0: (1= DT}) (81 + ;1) + T (8 + ¥ix) < DT (1= 80 — ¥j0)
Vk=DTnj+1...N-DT;+ 1:
k+DTj—1
DTj(8jie-1 + ¥ik-1) + (1 = DT;) (8 + ¥ja) + Z o (8 +¥in) < DT,
n=
VK=N-DTj+2...N:
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N
(N —k+ 1)(5]"1(_1 + yj,k—l) - (N - k)(é‘]'k + yj,k) + Z k+1(6j’n + yj,n) <N-k+1
n=

v j of plants B with UT; > 1:
First time-step:

1) fUTy; > 0%, " =8 < UTn,

2) IfUT,; =0: (UT,—1)6;, k < UTy6
Vk=UTyj+1...N- UT,+1.
k+UTj—-1
—UTi8i k-1 + (UT; — 1)6;x — Z Sin<0
n=k+1

Vk=N-UT,+2...N:
N
“(N =k + D8y + (N — k)85 — z Spn <0

Y j plant with DT; > 1 (minimum down-time is more than one time-step):
First time-step:

1) I DTyj>0: T 6y < 0

2) 1f DTy = 0: (1= DT)8,1 + Xpr 84 < DT (1 - 8)
Vk=DTnj+1...N-DT; + 1:

k+DTj—-1

DT;6;— 1+(1—DT)5k+Z 8n < DT,
n=k+1
Vk=N-DT;+2...N:
N
(N =k +1)8 —(N—k)a,-,k+z Sn<N—k+1

n=k+1

e Constraints VI

vV plant j:
ZkSUj,k < Nsyjmax * Csujj

Cost function

The cost function is the total operating cost of the short-term prediction horizon and includes
the contributions of the fuel used to operate the plants (including the additional fuel for start-
ups and for keeping the plants in stand-by), the electricity purchased from the power grid and

the revenues from the electricity injected into the power grid:

Zk [Cf <z mpjx + Mcupx + z mSG,j,k> At + cf (Z SUgjx + SUcupx + Z SUSG,j,k)
j j j j

+ ¢t <Z Cy,ivBik + CycupYcupk + Z Cy,jVSG,j,k) + CpxPgb kAL — €51 P gs,kAt]
j j
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2.4. Communication between modules

A fundamental part of the algorithm is the communication between the ShoTS and LoTS
modules. Indeed, the LoTS constraints the ShoTS, leading it to operate in such a way that the
yearly goals are more likely to be met at the end of the year.

From Section 2.2, it can be noted that the LoTS problem contains auxiliary maximum and
minimum variables (M and m, respectively). These variables bind the actual energy variables
E and determine an optimal band for their operation, illustrated in a qualitative way in Figure
3. The first part of these optimal bands (indicated by the values of M and m corresponding to
the number of days of the ShoTS prediction horizon), is used as a long-term constraint to
further bind the ShoTS problem and push it toward a solution that also meets the LoTS yearly
goals, as mentioned.

These optimal bands of operation are updated continuously during real-time operation, i.e.
daily, every LOTS calculation. The timeline of the LoTS problem is schematized in Figure 4. At
the current day, the LoTS problem defined in Section 2.2 is written for the future period of the
year (blue bar). The measurements from the real system (or from its digital twin built in D2.2)
are exploited to calculate the actual operation and consumption, and to update the cumulated
parameters (e.g. energy, fuel, and operating hours) of the previous period of the year (red bar).
These cumulated parameters are defined “Cumulated parameters in the past up to current
day” in the table of the required data of the LoTS problem. Once the LoTS solution has been
found, the horizon is diminished by one day and a new problem is solved.

= Optimal band of
B operation to ShoTS
£ |
23 M in,j
5}
(=]
8]
1
E in,j
1
! Min,j
< - Time [days]
ShoTS prediction
horizion

Figure 3. Qualitative representation of the optimal band of operation as long-term constraints
determined by the maximum and minimum auxiliary variables in the LoTS problem. (Saletti et
al., 2022).
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Past cumulated parameters Optimization variables

Al A
e hYd N
Jan,01  Past year Current day Future year Dec, 31 Current day + 365

- Update past parameters
- Create optimal bands for ShoTS E :
- Move one day forward and repeat

Figure 4. Timeline and update of the LOTS problem. (Saletti et al., 2022).

Every day, whenever a new LoTS calculation has been completed, the parameters of the long-
term constraints of the ShoTS problem (Constraints IV in Table 3. Summary of constraint types

of the ShoTS module.Table 3) are updated as follows.
Given L the solution of the last LOTS problem and Ng the number of days of the ShoTS

prediction horizon:

* EcHpmax = legil L. Meychp

*  EcHpmin = Zﬁfil L.mg cyp

* Mpax = Z'kvil[Z,- L. Mg+ L Mcypy +2; L. Msc,i,k] “Thv
¢ Mpyin = Zgil[z jL.mgjy + L.meypy + X L.msg ] - Ty
b Egb,max = legil L. Mgb,k

hd Egb,min = ZI}ZS1 L. Mgy, k

hd Egs,max = 21]‘\!21 L. Mgs,k

* Eosmin = 211211'- Mgs

_ yNd
*  TcHupmax = Zkzl L. &cyp k

Moreover, the upper boundaries of the plant switches are updated if the LoTS determines that
a plant must be off for a given period. This is implemented as follows, for each plant j and each
day d=1... Ng:
L] If L. ej,d =0
o ub(8jx)=0 Vke[(d—1)*24x4+1, d=*24x4]
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3. Implementation and software specifications
The control architecture developed in Section 2 can be implemented in the real case study (or
in simulation environment through the digital twin described in D2.2) according to the flowchart

in Figure 5.

ALGORITHM

Initialize parameters

l¢
v

Forecast LoTS disturbances .| Read LoTS disturbances and
(demand, temperature, cost) select prediction horizon

v

Solve LoTS

!

Update long-term constraints

for ShoTS
¢
v
Forecast ShoTS disturbances .| Read ShoTS disturbances
(demand, temperature, cost) and select prediction horizon

!

Read actual system operation
Update ShoTS parameters
Update LoTS parameters

v

Solve ShoTS

t=t+At
day = day+1?

Yes

Monitor actual system

operation and consumption
A

\ 4

Control the real system

4

REAL SYSTEM

Figure 5. Block diagram of the implementation of the control architecture to the real system.
(Saletti et al., 2022).

Before the simulation or the real system operation start, the parameters of the system are
initialized. The disturbances of the LoTS module are forecast, and its parameters are selected.
The LoTS problem described in Section 2.2, from the current day to the end of the year, is
solved and the optimal solution is used to update the long-term constraints according to
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Section 2.4. Then, the disturbances for the ShoTS are obtained from the distribution module
of from another forecasting method. The data from system operation (i.e. real-time monitoring
for the real system or simulation data for the digital twin) are collected and used to update the
initial conditions and cumulated parameters of the ShoTS and LoTS problems respectively.
The ShoTS problem (Section 2.3) updated in this way is solved, and the first time-step of the
solution is used to determine the new set-points that are sent back for controlling the system.
After a time-step has passed and the system has been controlled with the new time-steps, the
part of procedure from the ShoTS disturbance update to the ShoTS solution is repeated, and
this is carried out continuously. After a day of operation, the entire procedure, from the LoTS
update to the end, is repeated. This goes automatically and ensures both real-time control and
yearly scheduling.

The software implementation has been done in MATLAB® for the simulation and testing in the
Model-in-the-Loop environment (Saletti et al., 2022).

As for the implementation in the real test site, which is the objective of WP3, in order to avoid
license and compatibility issues, the ShoTS and LoTS modules and the communication
protocols have been translated in Python.

The following software specifications are required for the implementation of the control protocol
in the computer of the Cona Hospital:

e The entire procedure is carried on automatically by means of a scheduler.

e The ShoTS and LOTS parameters are declared in two separate .json files, which are
called by the related modules. This gives the possibility to change relevant parameters
manually during system operation (e.g. cost of fuel), if required.

e The ShoTS and LOTS disturbances are passed through two separate .csv files,
together with the datetime. This is used to select the dataset with respect to the current
datetime.

e The output of the control protocol is returned within an output .csv file, which is read by
the Building Energy Management System to apply the control action.

e The real system operation of the Cona Hospital (e.g. on-off of all plants, fuel mass,
production of electricity and heat) has to be passed from the Building Energy
Management System to the computer in form of a .csv file with the datetimes. This
allows the algorithm to preprocess and derive the necessary data from the plants
correctly.

e The last available ShoTS and LoTS results are saved in two specific .csv files with the
corresponding datetimes. In this way, in case of an algorithm failure, the solution
available from the previous time-step can be used. This improves the control resilience
with respect to failures.
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4. Conclusions

In this report, the activities of the last task of WP2 are reported. The control algorithm for small
scale district heating and cooling networks and multi-energy systems in general were
developed. Firstly, the general concept of the control architecture was described. In order to
comply with the goal of the WP2, which aimed to produce and algorithm able to control the
system with multiple time scales, the control problem was divided into different subproblems.
In particular, the control of the thermal power station was achieved through two interacting
optimization levels. The Long-Term Supervisory (LOTS) module, assessed as an yearly
scheduling Linear Programming problem, performed the scheduling of the daily energy
produced by the plants over the entire year. The solution was passed to the Short-Term
Supervisory (ShoTS) module, in order to provide additional long-term constraints to the ShoTS
high-detail unit commitment problem. Both modules were Model Predictive Controllers,
updated and repeated with daily and 15-minute time-steps. The control variables, required
data, disturbances, constraints and cost function were reported for both modules in order to
provide all necessary details for understanding the algorithm development. The
communication between the modules and block diagram of the control protocol were also
reported. Finally, the procedure for the implementation in the simulation environment setup in
T2.2 but, most importantly, in the real test site identified in T2.1 was illustrated. In particular,
the algorithm was firstly written in MATLAB and then translated in Python for the application to
the test site. Specific attention was paid to the software specifications for this implementation,
which regard the necessary files with parameters, forecast of disturbances and results that
must be passed between the algorithm and the real system.

The output of the task is a complete Model Predictive Control protocol with two interacting
optimization levels with both long and short time horizons. The algorithm will be tested in
simulation environment through the simulation platform developed in T2.2, and in the real case
study in WP3.
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