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ABSTRACT

The aim of this work is the optimization of a polygeneration grid including renewable sources and fossil-fuel
based prime movers. The system produces both electrical and thermal power and is equipped with a thermal
energy storage device in the form of a hot water tank. The grid layout has been chosen to consider the energy
needs of the University campus in Savona with a configuration to improve the flexibility for a possible extensive
optimization.

Starting from the energy demands of different typical days, a multi-objective approach has been used to
minimize both generation costs and CO; emissions. The activity has been carried out comparing the use of
different technologies (e.g., boiler against heat pump) in order to assess performance in different cases. Special
attention has been devoted to an innovative approach for thermal energy storage optimization. Since the sizing of
energy storage devices remains an open aspect due to balancing of energy security constraints and cost/emission
association to the stored energy, the innovative method proposed here can generate solutions with important
benefits on the grid performance and optimization. Moreover, due to possible contrasts of minimization objec-
tives, this work shows the benefits related to a multi-objective approach applied to a real smart grid. An
important innovation is the application of a heat pump in grid optimization analyses. In details, the algorithm
can demonstrate the improvements in terms of emissions and cost savings considering the innovative integration
of existing technologies with the heat pump (—13.2 % cost decrease for the cost minimization target, —16.6 %
CO» emission decrease for the CO2 minimization objective, and, finally, —35.2 % for the cost*CO5 innovative
objective proposed here).

1. Introduction

the system configuration and the operative conditions, the minimum
cost solution cannot match the minimum CO5 emission condition. So, a
multi-objective energy management system can produce results for the
necessary operative choices to optimize a polygeneration smart grid,

In recent years, the environmental issues [1] coupled to the cost
increase of fossil fuels (especially natural gas) [2] generate special
attention on the importance of energy management. Although in the
past single objective optimization was considered a good solution for
minimizing generation costs or maximizing the efficiency [3,4], the
recent fuel cost scenario [5] drives the focus to more complex ap-
proaches based on multi-objective optimization algorithms [6]. In
detail, while an efficiency maximization could be a solution close to the
cost minimum, the recent large cost increase makes important to iden-
tify also minimum cost solutions [7]. On the other hand, depending on

* Corresponding author.

especially in case of small systems in the tens/hundreds of kilowatt size
[8]. While traditionally multi-objective problems are reduced to single-
objective using a preference function [9], in this paper, the multi-
objective problem is solved in terms of identifying the relevant Pareto
front. Instead of using genetic algorithms, the Non-dominated Sorting
Genetic Algorithm-II (NSGA-II) approach is applied in this work because
it has important flexibility potentialities in case of large number of
variables [10,11]. So, an important innovation is the application of an
improved version of this algorithm in a polygeneration smart grid
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Nomenclature

Acronyms

CHP Combined Heat and Power generator

DV Design Variable

GA Genetic Algorithm

HP Heat Pump

mGT micro Gas Turbine

NSGA  Non-dominated Sorting Genetic Algorithm

PPV PhotoVoltaic Panel

PV PhotoVoltaic

TES Thermal Energy Storage
Variables

A Area

Achp Turn on time durations

C Cost

CcopP Coefficient Of Performance
Euclidean distance

Energy

objective functions

load

mass flow rate

=

3 TAmae
h
=
B

ny, X variables

P power

Pb boiler power

Pchp microturbine power

Rg Solar Radiation

SOC State Of Charge

Tchp microturbine Turn on time instants
Xas Xp feasible solutions

U, y utopia solutions

Greek symbols

0] image

v preference function

c parameter

Subscripts

0 initial

CHP Combined Heat and Power
el electrical

LG Local Grid

nom nominal

th thermal

equipped with different prime movers, including a heat pump, and en-
ergy storage technology. Moreover, in comparison with traditional ap-
proaches [12], the whole procedure results in a quick convergence
towards the non-dominated region of the objective space.

Since this work incorporates the optimized integration of renewable
sources with fossil-fuel based plants, attention is devoted to the existing
technology proposing effective feasible solutions for the present energy
market [13]. In detail, starting from a configuration similar to the smart
grid operating in the University campus located in Savona (Italy) [14],
an innovative solution is proposed [15]. Moreover, application of a heat
pump [16] has been demonstrated effective by the results obtained with
the mentioned energy management system. On the thermal energy side,
special attention is devoted to the hot water tank [17]. Although energy
storage is a high relevance issue due to the proposal of different tech-
nologies (batteries [18], hydrogen [19], ammonia [20], other chemicals
for the electrical side), on the thermal side [21] attention is usually
focused on advanced systems, such as phase change materials [22,23],
thermochemical systems [24], high temperature storage [25], etc. Due
to the application type, in this work attention is focused on a standard
technology (water tank) considering innovation aspects on the device
sizing. In detail, the sizing and management of energy storage systems
remain an open issue. This is confirmed by different proposed methods
that are not able to finalize the approach for market penetration (e.g.
quadratically-constrained mixed-integer programming formulation in
[26], multi-objective dynamic optimization model based on long-time
data in [27], and model predictive control framework in [28]). This is
mainly due to some aspects not completely defined (for instance the cost
association to the stored energy is not unambiguous due to the fact that
the related energy could have been produced by different prime movers
operating with different performance) that moved the authors to pro-
pose in this work an innovative approach based on parametric curves.
These are based on the initial state of charge (SOC) and the device size to
identify the optimal solutions considering different objectives, such as
cost and CO, emission minimization.

Considering the centrality of the energy storage system, the paper
presents the proposed smart grid, the component models (based on
experimental data [29] or validated tools [30]) and the related multi-
objective optimization algorithm. Then, after the description of in-
puts/constraints and the parametric curves for storage system sizing,

attention is focused on the optimization results. The analysis on the
optimization results in terms of cost and CO, emission saving demon-
strates the effective performance of the proposed approach. Moreover,
the results show the benefits of the heat pump application (against the
boiler-based layout) for both costs and CO5 emissions.

2. Polygeneration grid description

The grid layout has been chosen starting from the knowledge (and
the benefits) of the smart-grid available on the University campus in
Savona [14,15]. However, different component sizes and types were
taken into account to investigate more flexibility in the optimization
performance and to explore innovative solutions (e.g. for the thermal
energy storage sizing). So, the grid was sized for satisfying the electrical
and thermal loads of the University campus in Savona [14,15]: although
an overnight base load is present due to the student accommodations
and the refrigerators/freezers in the campus canteen, the largest part of
both electrical and thermal load is related to the campus daily activities
(lectures, study/computer rooms, professors’ offices, laboratories and
canteen/bar buildings). The polygeneration grid of this work is pro-
posed in two different layouts (Fig. 1). In both cases, it includes both
electrical and thermal local grids. On the electrical side the system in-
cludes a connection to the main energy utility grid (maximum
exchangeable power: 1 MW; no selling to the main grid), while on the
thermal side hot water pipe circuit is connected to a water tank to be
sized in the 250 kWh - 750 kWh range. This range has been chosen to
enlarge the 5000 | hot water tank demonstrated essential for optimiza-
tion at laboratory level [17]. Moreover, the grid includes in both layouts:
77 kW peak-power Photovoltaic (PV) panels, a T100 microturbine in
CHP mode (100 kW electrical and 160 kW thermal powers in design
conditions, 30 % nominal electrical efficiency, performance maps for the
off-design behaviour reported in [29]). The PV panels (17 % efficiency)
are installed on the roof of a campus building (south oriented), while the
T100 turbine can work in the 20 kW-100 kW range on the electrical side
and in the 50 kW-160 kW on the thermal side (thanks to a partial re-
covery of the exhaust heat content).

Although the two different layouts are quite similar, they include
different prime movers on the thermal side. While the layout 1 includes
a 150 kW boiler fed by natural gas (a very conventional system [14,15]),
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Fig. 1. Polygeneration grid layout including a boiler on the thermal side (layout 1) or a heat pump (layout 2).

in the layout 2 the boiler is substituted by a 75 kW heat pump [31]. Due
to typical component characteristics, the boiler is able to operate in part-
load operations (in the 15 kW-150 kW range), while the heat pump (3.5
COP) works in on/off mode. This alternative solution has been chosen
because, although based on commercial components, it is not fully
investigated in smart-grids and its application with a management based
on a multi-objective algorithm is innovative.

3. Methodology

Due to the fact that the minimization of the energy cost and CO,
emission are in contrast objective functions, a multi-objective approach
has been considered in this work. The details for the single component
modelling are reported in the following subsection.

3.1. Single component modelling

All prime mover models for individual components utilize steady-
state approach, incorporating correlations validated in prior research
[14]. The T100 CHP model integrates off-design behaviour validated
part-load curves, as determined by the University of Genoa at the
Innovative Energy System Laboratory (Egs. (1), (2)) [29]. However, it
should be noted that this model does not take into account the ther-
modynamic internal processes between components. The Eq. (1) and the
Eq. (2) show the fuel mass flow and the thermal power as a function of
the electrical power.

Mypyet_cup = Per_cup™ar + by (@)

a; = 6.22 * 10"5 [(kg/s)/(kW)]
by = 181.12 * 10°5 [kg/s].

Py_cup = Per_cup*az + b 2

a, = 1.41 [kWy/kW]

by = 10.9 [kWy].

The boiler model simulates the part-load operations using off-design
characteristics taken from literature. The equation below defines the
efficiency at part-load operations according to the University of Genoa
in-house tool (Eq. (3)) [32], that allows to compute the fuel consump-
tion considering standard value for natural gas LHV. The boiler model
replicates part-load operations by employing off-design characteristic
curves sourced from literature. Eq. (3), derived from the mentioned in-
house tool [32], delineates the efficiency during part-load operations.
This equation facilitates the computation of fuel consumption, utilizing
standard values for natural gas lower heating value.

(1+1y)/2 3)

The PV electrical power is computed according to Eq. (4), as a
function of the solar radiation, the PV surface and the efficiency that is
set and equal to 17 % according to literature value [33]. The calculation
of PV electrical power follows Eq. (4), which is contingent upon solar
radiation (Rg), PV surface area (Apy), and efficiency (npy).

n= nnom*

Ppy = Ry*Apy™*n1py @

Finally, the heat pump model operates in a binary on/off manner and
therefore does not incorporate part-load coefficient of performance
(COP) correlations. Additionally, the thermal energy storage is assumed
to be adiabatic, with heat exchange losses neglected.

3.2. Multi-objective formulation of an optimization problem

In some cases, multiple objective functions are simultaneously pre-
scribed. Problems of this kind are the so-called multi-objective or multi-
criteria optimization problems. In electrical engineering, many design
problems are characterized by a vector of ns objective functions in
mutual conflict, for which the most general solution is represented by
non-dominated solutions, which belong to the Pareto front. A non-
dominated solution is a solution for which the decrease of a function
is not possible without the simultaneous increase of at least one of the
other functions.

Formally, considering n, variables, a multi-objective or multi-criteria
optimization problem can be defined as follows (Eq. (5)):

given xo € Q find inf F(x), x € Q 5)

where X is the initial solution, F(x) the objective function and ( is the
feasible region.

In general, a multi-objective optimization problem is subject to
constraints (Eq. (6)). In detail, g; and h; are general constraint functions.

gj(x)go j:17"'7ni
hx)=0 j=m+1,...,n
fk <x < u k:1,...,n1, (6)

In Eq. (5), F(x) = {f1 () 5+ S () }CR"f is the objective vector,
assuming ny > 2.

With reference to the optimal scheduling problem, typical examples
of fj(x) functions could be the energy cost or production of CO; related to
the power generators. While the design variables could be the time
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instants of turn-on and turn-off of the electrical energy generators as
well as their power regulation and also the heat pump turn-on or turn-off
and the boiler regulation. In turn, possible constraints could be related to
the equipment scheduling time because an operation cycle must termi-
nate before restarting a new one.

Therefore, F defines a transformation from the design space R™ to the
corresponding objective space R". It is assumed that the objectives are
bounded and they are in mutual conflict (Eq. (7)):

3x; such that f;(x;) = inffi(x) , i=1,...,nf %)

and x; ;éx; Ji#jLj=1,..np
In general, the so-called Utopia solution is defined as [34] (Eq. (8)):

U={U} = {inf fi(0)}, i=1,....m. ®

It minimizes all f; functions simultaneously, and it does not exist. It
can be noted that the Utopia point U is out of the feasible design region Y
(Fig. 2a). In a symmetrical way, the Anti-Utopia point A (see Fig. 2a) can
be defined as the solution which simultaneously maximizes all f;, while
the Nadir point R is the mirror image of the Utopia point [35].

In this frame, given two feasible solutions x, € Q and x, € Q, x4 is
said to dominate Xy if fi(x,) < fi(xp),i=1,...,np and fi(x4) < fi(xp) for at
least a value of i = 1,...,ns. Now, let PCQ be a set of non-dominated
solutions Xg; if, for any X, € P, there is no x, € Q dominating X, then
P represents the Pareto set and the corresponding image ® = F(P) is the
Pareto front; the latter is also called trade-off curve.

For the sake of an example, in Fig. 2b six solution points and the
dominance dihedral related to solution y; are shown in a two-
dimensional space (ys), which belongs to the dominance dihedral,
dominates y;, while y», y4 and yg are indifferent with respect to y; and,
finally, ys is dominated by y;.

Traditionally, the multi-objective problem is reduced to a single-
objective one by using a preference function y(x), e.g. the weighted
sum of fi(x) (Eq. (9)):

fl! nf
l//(X):Zthi(X), 0<c¢<l1, Zcizl 9)
i1 i=1
However, the selection of the c; coefficients is arbitrary and gives rise
to a particular solution only. So, in the last decades, attention is paid to
methods able to solve a multi-objective optimization problem according
to Egs. (5)-(8); more recently, new methods for solving the so-called
many-objective optimization problems (more than two or three objec-
tive functions) have been proposed [36-38].
Accordingly to this section, the multi-objective problem is solved in
terms of identifying the relevant Pareto front, i.e. the set of non-
dominated solutions.

3.3. Optimal scheduling problem

The study proposes an optimal scheduling approach for pre-existing
micro-grids, emphasizing the benefits of incorporating thermal energy

£ £ dominated
indifferent (worse)
.
o Yo 1 i
Y2
dominating y: indifferent

(better) y,*

fi

Fig. 2. Objective space (a) and Pareto dominance criterion (b).
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storage. The optimized energy management facilitated by storage uti-
lization and its appropriate sizing stand as a significant contribution. So,
the integration of construction costs for all prime movers is important
for the component sizing when it is necessary to start from the instal-
lation activity of all the prime movers. Although this was already
considered in previous works [32,33], this paper focuses attention on
the grid management with multi-objective approach and an innovative
method for the thermal storage integration.
The optimization problem considers two different cases:

e Case 1: one CHP that can be activated two times in 24 h with at least
2 h of turning on at a fixed percentage of the rated power and one
boiler that can be tuned every 2 h in the 24 h.

e Case 2: one CHP that can be activated two times in 24 h with at least
2 h of turning on at a fixed percentage of the rated power and one
heat pump that can be turned on or off every 2 h.

The design variables consider a time window lasting 24 h; they are
defined as follows:

e Turn on time instants of the CHP, Tchp; j = 1,2.

e Turn on time duration of the CHP, Achp;, j = 1,2.

¢ Rated-power percentage of the CHP, Pchp;, j = 1,2;

e Twelve rated-power percentages for the boiler, Pb; i = 1...12 (only
layout 1 case);

e Twelve time-instants of turn on/turn off for the heat pump, HPy k =
1...12 (only layout 2 case).

To complete the problem definition, Table 1 reports the number of
design variables and the range of variations for the considered design
variables for the two considered cases.

The objective functions consider the tuning of all the electrical and
thermal sources in the smart grid in order to satisfy the requested
thermal and electrical load in an average day of a given month (e.g.
November). They are the energy cost, f, and the production of CO, fo,
to be minimized (Eqgs. (10)-(11) - where C, E, m and P stands for cost,
energy, mass flow and power respectively).

24

fi= Z {Cf“‘*l (mf“dcm’ (k) + Mpuet (k) ) + Cety (K)Peyyg (k) 10$)
k=1
24

f2 = Z (ECOZCHPPEZCHP (k) + Ecozbmlerpmbmlzr (k) + ECOZLG (k)PelLG (k) ) 1D
k=1

The design variables related to the CHP are subject to the following
constrains (the parameter definition for these variables is reported in the
points above).

e Tchp, > Tchp;
e Tchp; + Achp; < 24 and Tchp, + Achpy < 24
e Tchp; + Achp; < Tchpa

In detail, the second turn-on of the CHP has to be subsequent to the
turn-off of the previous functioning cycle and the CHP functioning time
must not exceed the 24 h. Following a criterion of penalty technique, if

Table 1

Design variables (DV) for the two cases, and corresponding variation ranges (the
column titles are explained in the section text — in the points related to the design
variables).

# Tchp; Achp; Pchp; Pb;i= Pb;i=3, HPy
DV 1,2,11,12 .10
Case 18 [1, [2, [0.3, [0, 0.2] [0.2,1] -
1 24] 20] 1]
Case 18 [1, [2, [0.3, - - 0 or
2 24] 20] 1] 1
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the DV does not satisfy the constraints, the objective functions are set to
10'5.

Traditionally, the optimal scheduling of electric and thermal sources
is approached by means of techniques of linear programming, due to the
substantially high number of the degrees of freedom ruling the turn-on
and turn-off cycle of each generator in the time frame. More recently,
stochastic optimization methods have been applied to this kind of
scheduling problems. A few of them are Wind Driven, Particle Swarm,
Cuckoo Search, Genetic Algorithms, Grey Wolf Optimizer [39-43].

In general, the aim of the optimization problem is the reduction of
the cost of the system or the reduction of pollutant emissions or the
reduction of the peak load. In the literature, these goals are formulated
in terms of objective functions which, in turn, are incorporated in a
single preference function by means of a set of weight coefficients as in
(5). However, this approach is somehow limiting due to the arbitrary
choice of weights, while the most general solution is represented by the
set of non-dominated solutions.

3.4. Optimization algorithm

In the last decades, different optimization techniques inspired by
nature have been investigated. Genetic algorithms (GA) are a very useful
and widely studied optimization techniques; in particular, one of the
most used algorithms is the Non-Dominated Sorting Genetic Algorithm
NSGA-II [12]. GAs work very well when the number of design variables
is low e.g. lower than 10; so, they are commonly used in multi-objective
optimization of e.g. electrical machines and electromagnetic devices,
because these problems are characterized by a few design degrees of
freedom. In this paper, the NSGA-II is applied to a scheduling problem,
which is usually characterized by many parameters, depending on the
problem formulation.

In GA optimization, a population, which is a set of individuals, is
evaluated at each iteration (generation) in terms of rank and crowding
distance. The population is ordered in terms of Pareto front and sub-
fronts and a rank is assigned to each front: the solutions belonging to
the Pareto front have the lowest rank (e.g. rank = 1) while higher ranks
are assigned to dominated sub-fronts. For each solution belonging to a
given front, the crowding distance is calculated: the solutions aggre-
gating in a cluster are characterized by a crowding distance value lower
than isolated solutions. Taking into account the crowding distance helps
in obtaining regularly spaced i.e. not clustered solutions in the objective
space. The individuals of the current population are ordered first by rank
index and then, among each front, by the crowding distance. The best
(fittest) individuals are the ones characterized by a low rank and high
crowding distance.

In order to create the next generation, highly-fit individuals of the
current iteration are combined by a crossover operator to produce
offspring. Meanwhile, to increase variation in the search space, a mu-
tation operator is performed at a certain probability level. The generated
offspring solutions are added to the current population. Supposing the
population size is N, the current population size will be 2*N, since the
offspring solutions are added to the current population. Then, the cur-
rent population is sorted using non-dominance and crowding distance
and truncated to N individuals. In this way, the next generation popu-
lation has size N. This process continues until the stopping criterion,
usually a maximum number of generations, is met.

More specifically, the fitness value is assigned to each individual as
presented below.

Fitness assignment - Considering a population of nj, > 1 individuals,
each having n¢ > 1 objective function values, a non-dominated set of
solutions is based on the following procedure.

i) begin with i = 1;
ii) forj =1, ny andj # i, compare solutions x; and x; according to the
definition of dominance applied to all nf objectives;
iii) if, for any j, x; is dominated by x;, mark x; as “dominated”;
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iv) if all solutions in the population are considered, go to step v;
1. else setiasi+ 1 and go to step ii;

v) all solutions that are not marked as “dominated” are non-
dominated solutions;
vi) end

All the non-dominated solutions so determined are assumed to
identify the first non-dominated front in the populations and are
assigned a large fitness value (e.g. equal to np,). The same fitness value is
assigned to all non-dominated individuals in the front to give them an
equal reproductive potential. In order to maintain diversity in the pop-
ulation, the non-dominated solutions are then shared with their fitness
values. Basically, sharing is achieved by dividing the fitness values by a
quantity (called niche count) proportional to the number of individuals
around it. This procedure causes multiple optimal points to co-exist in
the population. The worst shared fitness value in the solutions of the first
non-dominated front is kept for reuse.

After sharing, non-dominated individuals are ignored temporarily to
process the rest of population members. This step-by-step procedure is
iterated to find the second front of non-dominated solutions in the
population. Once they have been identified, a fitness value, which is
slightly smaller than the worst fitness value occurred in the previous
front, is assigned. Thereafter, the sharing procedure is performed among
the solutions of the second non-dominated front, and shared fitness
values are found as before. The process is continued until all population
members are assigned a shared fitness value.

Sharing procedure — Given a set of ny solutions (individuals) in the k-

th non-dominated front, each having a fitness value fy, the sharing
procedure is performed in the following way for each solution i = 1,ny.

i) Given the i-th solution x;, the algorithm computes the Euclidean
distance d;j with solution x; in the k-th non-dominated front (Eq.

(12))

2

2 [ Xp — X; L
{u CiAj, =1 12)
p=1

Xup — Xe¢p,

where ny is the number of variables, ny is the number of solutions in the
k-th front, [x] is the current set of individuals (actually, a nx x ny ma-
trix), while x,;, and x,, are upper and lower values of p-th columns in [x]
matrix, respectively;

ii) djj is compared with a prescribed parameter ¢ and the sharing
function s(dyj) is computed (Eq. (13)).
.\ 2
s(d,-,—):lf(;”> ifdj <o,i#j, j=1,m (13)
s(djj) = O otherwise.

iii) set j asj + 1:if j < n; go to step 1 and update djj; else update the
niche count m; for the i-th solution (Eq. (14)).

Mg

mi =Y _s(dy) , i#] a4

=1

iv) update fitness fi of i-th solution in the k-th non-dominated front
to calculate the shared fitness fk as follows (Eq. (15)).

fi=2 i=1,m (15)



M.L. Ferrari et al.

v) find the smallest value of fi in the k-th front for further processing:
the fitness of (k + 1)-th non-dominated front is set as (Eq. (16))

fien1 = inf}i — &k ae)

i=1m

where ¢, > 0 is small enough.
The sharing procedure is characterized by parameter c; heuristically,
it can be set as in Eq. (17).

o~ 0.5nq’"vl a7)

where the integer nq > 1 is the desired number of different non-
dominated solutions.

As far as constraint processing is concerned, the constraint-
dominance principle is resorted to: solution a constraint-dominates so-
lution b, if any is true:

- a is feasible and b is not;

- a and b are both unfeasible, but a exhibits a smaller constraint
violation;

- a and b are both feasible and a dominates b.

The whole population is then reproduced depending on the shared
fitness values: since individuals in the first front have better fitness
values than solutions of any other front, they always get more copies
than the rest of the population. The rationale is to search for non-
dominated regions, which will finally lead to the PF. The whole pro-
cedure results in a quick convergence towards the non-dominated region
of the objective space; the sharing procedure, in turn, helps to distribute
individuals over this region.

A drawback of the algorithm is the lack of memory, i.e. the lack of an
active use of the solution history. In detail, in a future generation, an
unnecessary waste of runtime could occur in evaluating the problem
objectives for an individual which is very similar — or equal - to one
evaluated in the past. Typically, this happens towards convergence: a
possible remedy is to keep track of all the individuals already evaluated,
to avoid a time-consuming re-evaluation of objectives.

4. Results and discussion

An essential input regards the energy demands to be considered for
this analysis. To have a good compromise between different seasons and
to start from conditions that require a significant thermal load, the de-
mands of a working day in November 2021 have been chosen (Fig. 3)
[44,45]. However, to have reasonable thermal demand values to be
satisfied by the proposed prime movers, the loads considered in this
work are the half of the actual demand values of the campus. In details, it
is visible a large early morning peak to have comfort conditions for the

800

E 600 - --e--Thermal demand
= ? i
= 400 : ...... " Electrical demand
3 o9’ TN
& 200 ..,~"'n.

O v~v-v°v~.\5 ...U-v-v-u

0 4 8 12 16 20
Time [h]

Fig. 3. Thermal and electrical demands for the late autumn case (a day in
November 2021).
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beginning of the classes in the morning and bar services (at about 8:00).
On the electrical side, the demand shows a slow increase up to the day
central hours when the campus has the maximum amount of activities.
Then, differently from a residential district, the evening load of student
accommodations is quite negligible in comparison to the demands of the
class time. So, no evening peak is present.

From the economic input point of view, 114 €/MWh has been
considered for natural gas, to represent a typical cost situation of the
2021 year [46]. Moreover, variable electricity costs (as in Fig. 4) have
been implemented. The case study does not include the power to grid
possibility of the microgrid. Due to an important impact of solar PV
panels in the Italian energy mix (4+5.3 % in 2020 in comparison with the
previous year [45]), the COy emissions show a significant decrease
(about 20 %) in the midday hours. Although these data are quite vari-
able during the ongoing months, a similar behaviour in the optimization
results can be obtained in case of a significant cost increase of both fuel
and electricity. On the other hand, the changes for the CO, emission
point of view are affected by the energy mix changes that are significant
during the last decade [45].

4.1. Thermal storage tank

The methodology presented is also an innovative procedure for
sizing the thermal storage tank to minimize energy costs and CO,
emissions. The size range of the thermal storage tank has been selected
considering the available space for a hot water tank in typical boiler
rooms of a university campus. For sure, larger size solutions can be
considered with a further increase of required space and capital costs.
So, to avoid complete redesign of campus infrastructures, the 250 kWh —
750 kWh range has been chosen in this work. Moreover, the initial State
of Charge (SOC) was considered equal to 0, 50 % or 100 % of the device
capacity as first guess value for optimization. Since the thermal storage
tank has 3 possible combinations of SOC and size, 250, 500 and 750
kWh, 9 different combinations could be identified. Considering that day-
by-day demand variations are usually in the +5 % range or lower (e.g.,
extending the analysis to the working days in a week), the impact in the
thermal storage sizing is not significant (weekend and holiday days are
not taken into account due to very low demands in comparison with the
prime mover sizes). Moreover, the initial SOC optimization performed
on the entire period (e.g. the proposed 5 working days) can produce an
intermediate solution that is not optimal for the mentioned days. So, it is
considered preferable to repeat the optimization with the real demands
for each day, that, due to the limited variation, is limited to changes in
the range of few percentage points. Finally, it is important to highlight
that when the final SOC is very different from the optimal initial SOC of
the next day, a minimum connection period (e.g., 1 h) could be included
between the days (e.g., for recharging operation). For this reason, the

0.7

0.6
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0.3

Grid electricity cost [€/kWh]

0.2

0 5 10 15 20 25
Time [h]

Fig. 4. Electricity cost and CO emission for a reference autumn day in 2021.
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SOC difference between the initial and the final condition is carefully
taken into account in the analysis of the global system performance (e.g.,
if at the end of the day the SOC is lower than the value at the beginning,
additional cost and CO2 emissions associated to the recharging are taken
into account, as proposed in [17]).

The case study considers an existing smart grid that includes a PV
source, a CHP with two tuneable working intervals (with 3 parameters
for each turn on: a turn on time, a turn-on time interval, and a working-
percentage with respect the maximum capacity), the power grid
connection just for buying electricity and a couple of devices (thermal
storage tank, heat pump or boiler). Since the thermal storage tank has 3
possible sizes and 3 possible SOC, then two 9 different combinations
could be identified for each case study. For each case study a multi-
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The global value of Cost, CO, Cost*CO5 have been presented in
Figs. 5 and 6, highlighting the Pareto fronts and showing the improved
solution for each objective function (Cost, CO3, Cost*COs) correspond-
ing to a set of design variables. Considering that cost and CO; emission
minimization could be in contrast and generate alternative solutions, the
Cost*CO4 objective function has been considered to have a possible
compromise with a simple approach. Thanks to the minimization of this
product, it is possible to produce solutions with significant decrease in
performance for both costs and CO5 emissions. For each couple (SOC,
Capacity of the TES) of initial conditions for the TES, the best Pareto
front has been considered in Figs. 7 and 8 according to the three
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variables that include the CHP working parameters, and the turning on & B ¢
interval for the heat pump or the boiler and working-percentage with 700l 00
respect to the maximum available for the boiler. The range of variations 3 Z (%
for the design variables are in Table 1. The objective functions were 8 ® 8 go =
focused to be minimized are the energy cost and CO2 emission. 650 giz o es0| o o °

The two sets of 9 multi-objective optimization results, one for ther-
mal storage tank-heat pump coupling and one for the thermal storage
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Fig. 8. Parametric curves for sizing the thermal storage tank (heat pump case).
different objective functions Cost, CO3, Cost*CO.

4.2. Polygeneration micro-grid

The obtained solutions were analysed in terms of daily scheduling for
each prime mover. The plots (Figs. 5 and 6) show the 100 optimized
solutions in each Pareto fronts for the inputs data combinations for both
boiler and heat pump cases, highlighting the double objective problem
in scatter plots. Each point on the Pareto graph represents an energy
scheduling, while the parametric curves enable the identification of
optimal outcomes scientifically. Starting from all the produced man-
agement solutions, this approach reduces the number of cases and fa-
cilitates a streamlined comparison among the most promising energy
scheduling options. Although the potential for offering additional en-
ergy scheduling options in the case study, the significance of the work
lies in deterministically identifying a select few solutions for preferential
consideration and ultimately selecting the best among them.

The boiler case results present the product between the two objec-
tives (cost and CO,) almost constant in the Pareto front, while in heat
pump case results the product is proportional to the cost while the CO,
factor has secondary effect. The Pareto fronts of the boiler are well-
defined and present a wide diversity of results, compared to the heat
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pump case study in particular for CO, emissions.

The results, obtained with the proposed innovative method for these
kinds of systems, show that the NSGA-II approach has important flexi-
bility potentialities in case of large number of variables (18 in this work).
So, although in this work the number of variables is not very high in
comparison with the cited limit for the GA (10 variables), the obtained
results show the effectiveness of this approach considering also appli-
cations in more complex systems (e.g., with additional generators or
energy storage devices).

The Figs. 7 and 8 show the results related to the energy costs (first
row plots) and CO, emissions (second row plot). The panels A and D
represent the solution with the minimum of the energy cost, and panel B
and E the solution with the minimum of CO; emission function. Finally,
panels C and F represent the solution for which the product of the two
objective functions is minimum (third column with the label “Cost*C0O2”
in Figs. 7 and 8). With this approach it is possible to combine the ob-
tained solutions to show the best compromise between the two objec-
tives, that for boiler case study is 250 kWh hot water tank starting at 31
% SOC at the beginning of the analysed day (the tested initial SOC, first
guess, were 0, 50 and 100 %). This refers to the hour-by-hour results
reported in Fig. 11. The best compromise for heat pump case is 500 kWh
hot water tank, starting at 36 % SOC at the beginning (Fig. 13). These
solutions minimize both cost and CO; emissions. In Figs. 7 and 8, the
minimum values of the initial SOC are greater than first guess values (0,
50 and 100 %) such that the simulation has reached convergence
respecting the constraints in SOC and energy balance. The optimized
solutions were analysed one by one to evaluate their feasibility (some
solutions were discarded when not respecting the energy balance or the
SOC constraints).

The differences between the plots in Figs. 7 and 8 highlight the
importance of using a multi-objective approach equipped with NSGA-II
for operating with a large number of variables. Moreover, the results
show the importance of developing a compromise objective function,
such as the innovative Cost*CO; product proposed here. Due to contrast
conditions for the minimization of the simple objective functions, the
combination proposed here is an innovative possible compromise
considering a simple computational approach.

Finally, the improvement related to the integration with a heat pump
is clear from these results because the curves reported in Fig. 8 show
important cost and emission decrease for all the cases. So, the innovation
coming from the switching to the layout 2 (the heat pump case) can be
confirmed by significant economic and environment benefits.

The final figures (Figs. 9-13) present the daily scheduling hour-by-
hour of the polygeneration micro-grid operation, highlighting the
splitting of thermal and electrical power generation between the
different prime movers (CHP, PPV, Electrical grid, boiler, heat pump),
and the state of charge of the energy storage system. In all cases, the
electrical generation with PV panels is the same and has the priority over
the other sources. These results show that, for the cost optimization
objective, the electrical grid contribution is very important, especially
for the boiler case. In detail, in Fig. 9 the demands are mainly covered by
the grid (electrical side) and by the boiler + the TES (thermal side). This
few utilizations of the CHP (e.g. when the electrical energy cost is high)
needs to be carefully considered because it reduces the cost justification
for the CHP installation. On the other hand, for the CO5 emission
minimization cases (Figs. 10 and 13), the CHP utilization is essential to
save fuels (and CO2 emissions) with the thermal energy harvesting.

Also these results show the importance of the multi-objective
approach performed with the NSGA-II algorithm (innovative for these
kinds of systems) because the minimization of costs and CO; emissions
produces different results. Compromise results are obtained with the
objective function based on the product (cost*CO5), as visible hour-by-
hour (Figs. 11 and 12). In both cases, an intermediate solution was ob-
tained as visible for the CHP point of view. It is important to highlight
that for the heat pump cases, the optimal cost solution and the results
related to the cost per CO2 emission product regards a same hour-by-
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Fig. 10. Daily scheduling: boiler case for the optimal CO, emission solution (SOC(0) = 12 %, Capacity = 750 kWh).

hour plot because the best solution is the same Pareto.

An important comparison of global performance is reported in
Table 2 for all the six cases. In agreement with the optimization objec-
tives, the minimum values are obtained for the devoted target case (e.g.
the minimum costs are obtained for the cost optimization objective).
Moreover, it is important to highlight that the benefits of the heat pump
application is evident for both costs and CO, emissions because the
Boiler/HP comparison is always in favour of the heat pump application
(—13.2 % cost decrease for the cost minimization case, —16.6 % CO-
emission decrease for the CO, minimization case, and —35.2 % of
cost*CO;, for the case related to the minimization of this product). In
detail, the important decrease of the proposed innovative parameter
(cost*COy) is a result that highlights the benefit of the heat pump

application, especially in compromise situation between the cost and the
emission minimization.

5. Conclusions

This paper regards the optimization scheduling of a polygeneration
smart grid using a multi-objective algorithm. The system includes both
electrical and thermal demand/generation and possible energy ex-
change with the main grid for the electrical side and with an energy
storage device (hot water tank) for the thermal side. The multi-objective
approach is an important option for the energy management because the
minimization of costs and emissions could be in contrast in some oper-
ative conditions. Moreover, an innovative approach for thermal energy
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Fig. 12. Daily scheduling: heat pump for the optimal cost and optimal cost*CO, emission solutions (SOC(0) = 36 %, Capacity = 500 kWh).

storage sizing has been proposed and discussed. The main results of this
work are summarized in the following point.

e The multi-objective optimization algorithm has been successfully
implemented for the optimization of the proposed polygeneration
grid including a T100 microturbine in CHP mode, 77 kW peak-power
PV panels, a thermal energy storage device and a 150 kW boiler
(option 1) or a 75 kW heat pump (option 2).

e The thermal energy storage optimization has been performed based
on the proposed parametric curve plots. For the boiler case study, the
result combination proposed 250 kWh hot water tank starting at 31
% SOC, while for the heat pump case a 500 kWh device and 36 %
SOC at the simulation beginning.

e The hour-by-hour management results have shown few utilizations
of the CHP for cost minimization (in the boiler case) against an

10

important application of this microturbine for COz emission
minimization.

e The results have shown the benefits of the heat pump application for
both costs and CO, emissions (—13.2 % cost decrease for the cost
minimization case, —16.6 % CO, emission decrease for the CO,
minimization case, and —35.2 % of cost*CO-, for the case related to
the minimization of this product).
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Table 2
Summary of the global results.
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