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ARTICLE INFO ABSTRACT

Keywords: The problem of road tunnel energy consumption and sustainability is considered in this paper. To reduce energy
Sustainable road tunnel costs and to improve sustainability, a Microgrid (MG) with distributed energy resources including renewable
Planning generators and storage systems is proposed to supply the typical loads of road tunnels. The proposed MG is
i;?ccr};agsr?; optimization modular in the sense that sets of individual modules for the solar and wind generators, as well as the batteries,

are considered for the installation, while the number of modules is obtained from the resolution of a long-term
planning optimization problem. A new optimal probabilistic approach that calculates the number of modules
maximizing the Net Present Value (NPV) to evaluate the profitability of the MG investment is proposed. The
proposed procedure includes an advanced long-term Markov Chain (MC) based methodology to generate sce-
narios of stochastic processes modeling all the uncertain variables involved in the planning procedure, satisfies
technical and contractual constraints selectable by the tunnel owner, and implements the decision criteria most
frequently applied for the selection of the optimal solution. In the numerical applications, the results obtained in
different case studies show the benefits, the flexibility and the effectiveness of the proposed procedure. In fact,
the modular solution allows the application of the proposed approach to a generic road tunnel located in any
geographical area optimizing the use of the distributed resources.

Dispersed generation
Storage systems
Markov chain
Probabilistic methods

1. Introduction in Switzerland. However, the concept of implementing a microgrid (MG)

to develop the tunnel supply system has not been considered. Numerous

ROAD tunnels are among the most energy-intensive mobility in-
frastructures. They are strategically placed along roadways, including in
urban areas, to reduce land use and improve the road layout. The energy
consumption of tunnels, driven by lighting systems, air ventilation sys-
tems and auxiliary devices, results in high costs and significant envi-
ronmental impacts. A substantial portion of this energy is used by
lighting systems, which presents the most challenging optimization
problem in balancing safety and sustainability. The need for improve-
ment of efficiency and reduction of environmental impacts have
prompted studies into the possibility of sustainable tunnels powered by
distributed energy resources including renewable energy sources (RES).
For example, [1] explores the feasibility of meeting lightning systems’
energy needs with local photovoltaic systems, with a specific case study

publications on MGs have demonstrated their effectiveness in enhancing
sustainability and efficiently integrating RES [2]. While many applica-
tions have been documented, mobility infrastructures have rarely been
addressed, with a few exceptions [3]. Recently, the possibility of
creating an MG for supplying a sustainable tunnel [4] has been the main
topic of a research project.

The MG planning, aimed at optimizing the sizes of installed distrib-
uted energy resources (DERs), such as photovoltaic plants (PVs), wind
plants (WTs), and battery energy storage systems (BESSs), is crucial
given the substantial capital investment and the complex relations be-
tween economic, technical and reliability aspects, sometimes reducing
the dependence on the grid. This planning problem is a complex task
since it should consider not only the investment costs, mainly related to
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the sizes of DERs, but also the operational costs consequent to the actual
management of DERs, in particular the charging/discharging strategies
of BESSs. One further point of attention is the intertemporal constraints
usually introduced by the storage systems.

Conventional MG planning has historically relied on deterministic
models. However, many studies demonstrated that approaches able to
address uncertainties are more adequate due to the growing prevalence
of uncertain parameters, variables and data inputs [5-8]. Optimal
planning of DERs can facilitate the economically viable and reliable
expansion of MGs, particularly in uncertain environments.

The challenge of uncertainty arises from various factors that can
significantly impact the performance of the MG. The most important
sources of uncertainty are due to the variability of RESs (mainly solar
and wind power), the load demand, the grid connection as well as the
economic factors (electrical energy prices and/or tariffs, subsidies, in-
terest rates and so on).

To address the uncertainties in MG planning, adequate and effective
methodologies must be identified and applied. Among the most used
approaches (related to general applications of MGs without reference to
tunnel environments) we can mention Robust Optimization [9,10],
Stochastic Optimization [11,12] and Scenario-Based Optimization [7,
13]. The latter approaches are typically the most commonly used: the
random features of the model are represented in terms of several re-
alizations, and the true distribution of the optimization problem solution
is approximated from the collection of the solutions calculated on the
selected scenarios. The related approaches to generate scenarios of the
involved random variables are based on long-term probabilistic pre-
diction methodologies and/or with synthetic data generation [14-16].
Among them, methodologies based on Markov Chains (MCs) [14,17] are
often used for the generation of scenarios, although they require
particular attention in order to guarantee consistency and coherence
among the real data and the generated data through the long time
horizons.

In this paper, an optimal planning procedure to design the DERs
installed for supplying a sustainable tunnel is proposed. The proposed
MG is modular in the sense that sets of individual modules for the PV and
WT, as well as the BESS, are considered for the installation, while the
number of modules is obtained from the resolution of the long-term
planning optimization problem. A probabilistic approach is applied to
consider the sources of uncertainty of the variables involved in the
planning task. In particular, the proposed procedure: i) includes an
advanced long-term MC-based methodology to generate scenarios of
stochastic processes modeling all the uncertain variables involved in the
planning procedure; ii) optimizes the BESS, PV and WT sizes within the
modular approach, aimed at maximizing the NPV under each scenario
satisfying technical constraints (e.g., in terms of area available for the
installations and BESS lifetime), contractual constraints (e.g., in terms of
withstanding the contractual power), and security constraints (e.g., in
terms of guaranteeing minimum levels of the energy stored in the BESS
to possibly entirely supply the tunnel during unavailability of the up-
stream distribution network to improve the reliability and safety oper-
ation of road tunnel), all selectable by the tunnel owner; and iii)
implements the decision criteria most frequently applied for the selec-
tion of the optimal solution that will be implemented.

The main contributions of the procedure proposed in this paper are:
i) the development of a planning procedure based on a modular selection
of the power supply system for a road tunnel MG, which makes the
procedure completely general and applicable to all types of tunnels at
any general location, increasing the use of the distributed resources; ii)
the presentation of a comprehensive methodology that incorporates the
sources of uncertainty of the related variables involved in the planning
task and the technical and contractual decision constraints during the
planning stage; iii) the application of a dedicated MC-based methodol-
ogy for the generation of long-term scenarios of the variables that must
be represented with a dense time resolution through the investment
plan; iv) the finalization of the planning stage through the integration of
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the decision making process, that gives the tunnel owners the possibility
to select the alternative best suited for their needs and for their risk
aversion.

It is here highlighted that, to the best of our knowledge, this paper
shows the first application of a long-term planning procedure to the
power supply system, including RESs and storage systems, for a road
tunnel MG.

The paper is organized as it follows. Section II presents the proposed
optimal planning procedure, with details of the MC-based methodology
for the scenario generation, of the optimization problem, and of the
decision-making process based on different criteria. Section III shows
the results of numerical applications based on real-world data and
tunnels. Conclusions are drawn in Section IV.

2. The proposed optimal planning procedure

Let’s consider a modular DER system for a sustainable tunnel that
includes Photovoltaic generators (PV), Wind Turbines (WT) and Battery
Energy Storage Systems (BESSs). The general circuit of the proposed
modular supply system is reported in Fig. 1. The system is considered
modular in the sense that the nominal sizes of the single module for the
solar and wind generators and for the batteries are fixed, while the
number of modules can vary and are obtained from the resolution of the
planning optimization problem. The modules of WTs, PVs and BESSs are
fixed not only in terms of nominal size but also in terms of occupied
surface, cost and other additional technical specifications provided by
the manufacturers.

Under these assumptions, the decision variables of the planning
optimization problem are: the number Nyt of WTs, the number Npy of
PVs, and the number Npgss of BESS modules. The proposed optimal
planning procedure is aimed at calculating the values of these variables
that maximize the Net Present Value (NPV), which is a well-known
economic indicator used to evaluate the profitability of a project or
investment.

The scheme of the proposed optimal planning procedure is

Utiliy Grid

VIA
VIA

Wind

Fig. 1. Simplified scheme of the proposed MG for road tunnels.
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illustrated in Fig. 2. It consists of three stages.

The first stage involves the generation of I* scenarios of the stochastic
processes modeling all the uncertain variables involved in the planning
procedure. As detailed below, some variables must be characterized by
long-term scenarios having a dense time resolution (i.e., one hour),
while other variables must be characterized by long-term scenarios
having a low time resolution (i.e., one year). Due to its increased
complexity, the generation of scenarios for the former variables is per-
formed through a dedicated Markov Chain (MC) based methodology,
while the generation of scenarios for the latter variables is performed
through a simplified procedure based on random sampling from known
Probability Density Functions (PDFs).

The second stage optimizes the BESS, PV and WT sizes within the
modular approach, aiming at maximizing the NPV under each scenario
set. This results in the determination of a total number I* of solutions, but
some of them can be non-unique, and by applying a minimum occur-
rence threshold it is possible to select only the I** most frequent planning
alternatives, with I'* <[I*. Decisions regarding investments must be
made at the beginning of the planning horizon, and operational costs are
evaluated all over the planning horizon.

The third stage is therefore aimed at determining the best solution
among the planning alternatives individuated in the second stage, based
on three different criteria that are widely adopted in the relevant
literature.

The three stages are described in detail in the following sub-Sections.

2.1. Markov-chain based methodology for long-term scenarios generation
of uncertain variables

Scenarios of the uncertain variables involved in sustainable tunnel

Hystorical data of weather,
energy prices and economic
variables

A 4 A
Markov Chain method to
generate /” long term scenarios

Road tunnel parameters and
PV, WT and BESS module

specifications of uncertain variables
Iteration j | peS—t 4 A 4 A A 4
Jj=1 Planning Optimization Problem to select number of
/:‘2 WT, PV and BESS modules under scenario set
j=U

Minimum occurrence Selection of {** planning
threshold alternatives
Iteration j @
j=1
=2 Evaluation of NPVs for the [** selected planning
: alternatives
j=U

Decision criteria under uncertainty

NPVl ‘VWTl NBESSl

Fig. 2. Block scheme of the proposed optimal planning procedure.
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planning that must be issued with a dense time resolution (i.e., one hour)
are generated through an MC-based methodology. The methodology is
presented below with reference to the generation of scenarios for the
general uncertain variable x, that is assumed to take values in the N
states S, S .. ™) and where each state corresponds to a bin of
values. Exemplarily, if 1), u%) are the lower and upper bound of the
generic j bin and x, € [IY,u?[, the variable is said to be at the j™ state
S at time t, or equivalently S, =S¥,

2.1.1. Background: Discrete-time Markov Chain models

As well known, discrete-time MC models describe stochastic pro-
cesses in which the probability of occurrence of each event depends only
by the previous o states of the process [17,18]. The number o is the order
of the MC process, and formally the independence property of a o-order
MC is formulated as:

P(St‘st—kvst—zky -~~7St—ok) (€D)]
where k is the MC time step, that can be adequately selected either ask =
1 (consecutive states) or as k > 1 (periodical states), in the latter case on
the basis of the seasonal properties of the variable time series.
Transitions among states are assessed in a frequentist manner by

N NxNx..xN . . .
estimating the ~—————"transition tensor A that has its generic

(0+1)

element a; ;,. ;,; representing the probability of consecutive transitions
among states S-S -8l g0,
estimated through the relationship:

iy iy
iy igj = P

The element a;;,. ;; can be

— (2)
iyiz...lp
where ;;,..,; is the number of recorded times in which the variable x
consecutively transited among states S-S 8580 and
where ;,;, ;, is the number of recorded times in which the variable x
consecutively transited among states S{) »8(®) . G(),

The MC can be used to predict the future state of the variable at time t
in terms of probability of occurrence of future states nﬁ”, 7r§2>, e nim,

where the generic jth probability ;zﬁ"  is obtained from the probabilities of
the previous o states as:

S e i) (i2) (lo-1) (io)
1 I Lo
E E E (alllz ioj ® ” ok @ T (o 1) ® - Ok ® ﬂt—k)

=1 ip1=1 ip=1 i;=1
3

Unitary and zero probabilities are considered when the data are

N
ﬂ"t:

observed or deterministically known (e.g., if the state S is observed at

time t — 5k, then 7, =1 and 7'}, = 2%, = ', =

.= ﬂ't sk =0).
2.1.2. Two-stage MC-based methodology

The block scheme of the two-stage MC-based methodology used in
this paper is illustrated in Fig. 3.

Input data of the target variable is initially divided into training and
validation subsets. Training data is used to develop different MCs having
different combinations of order o and number of states N, with their
couples iterated in a grid search with o € [1,0*] and N € [1, N*], and
where o* and N* are respectively the maximum considered order and the
maximum considered number of states of the MCs.

The MC training particularly consists of estimating the related
transition tensor A(o, N), which is then used to generate short-term
forecasts X¢(o,N) through the entire validation period (i.e., for any
t € Q,q, where Q, is the set of T, time subscripts related to the vali-
dation period).

The accuracy of these short-term forecasts is assessed through a
quantitative index, i.e., the Mean Absolute Error (MAE), calculated as it
follows:
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Input data

0o =0" N=N"

Data pre-processing Markov Chain model development
Ui=lningcata Al = Transidon Short-term Forecast pelsction
0=2 N =2 [— tensor [— I e 9| of the best
X . . forecasting assessment
estimation MC model

~IValidation data

Long-term Markov Chain propagation

Cascade of four steps | =
Output Deflnm.on Uniform Next-step Next-step Assign probability 1 Deflnm.on Uniform Next-step
R of a point [+ random [« forecasting|” " Ttorecasting [ to the state of the [+ ofapoint [« random [+ forecasting [T
scenarios prediction sampling € € point prediction prediction sampling g

Fig. 3. Block scheme of the two-stage MC-based methodology.

MAE(o,N):Tt Y xloN) -x| )

al (cQy
The best MC model is selected as the one with the smallest MAE, thus
identifying the optimal order 0 and the optimal number of states N. The
corresponding best MC model is used in an iterative procedure that
generates the required number [*of scenarios for the optimal planning.
In particular, for each generic 1™ scenario generation, the optimal MC is
propagated through the whole scenario length (i.e., all the hours for Y
years) by performing a cascade of four steps at each t € Q, where Q.
is the set of time subscripts related to the test period:
i. next-step forecasting to predict probabilities ﬂ'§1>,ﬂ§2>7 ...,ﬂfm ;
ii. random sampling u from a uniform U ~ [0, 1] distribution;
iii. definition of a point prediction through the inverse sampling
method, dropping u down the cumulated predicted probabilities,
to identify the predicted state S;;
iv. assignment of probabilities to future, unobserved outcomes.

Exemplarily, if S, = S%, then 7z =1, andz/V) = ... =2V =

HEHD = .= ﬂ@ = 0. This step ensures that the MC can be
applied at the next time index to perform the subsequent next-
step forecasting.

2.2. Optimal planning model of modular DER system for sustainable road
tunnel supply system

As mentioned before, the variables of the optimization problems are
the integer numbers of modules Nyr, Npy and Npgss The planning
optimization problem is aimed at maximizing the NPV, subject to
various technical constraints that are discussed below. The assumptions
made on the optimization problem are the following:

- the planning horizon of the economic analysis consists of Y years;

- the hourly road tunnel power profiles P;, is known by the road tunnel
owner/manager through the whole planning horizon. In fact, this
power profile is typically stable over the years.

- The road tunnel electrical network is modelled by a single-bus sys-
tem, so the losses are neglected.

The inputs of the optimization problem are:

i. long term scenarios of variables requiring dense time resolution,
i.e., wind speed w and solar radiation I, at the tunnel location,
and the electrical energy selling price Ps in the related zonal
market. As stated above, these scenarios are obtained from the
MC-based methodology presented in sub-Section II.A;

ii. long-term scenarios of the yearly variation rate of energy pur-
chase/sell cost a,, [%] and of the discount rate a [%]. As stated
above, these scenarios are obtained by random sampling from
known PDFs, estimated or constructed from historical observa-
tions of these economic parameters;

iii. road tunnel parameters, assumed to be known by the road tunnel
owner, that are: the energy tariff c., [€/kWh], the maximum
power Ppit [kW] exchanged at the Point of Common Coupling
(PCC), and the maximum surface Smax [m?] available for the
installation of WTs and PVs;

iv. characteristics of the single modules of WT, PV and BESS, that are
fixed a priori and consist of:

for WTs and PV, the nominal powers P}, and P}, [kW], the occu-
pation surface S%,; and Sp, [m?], the unitary installation costs Cyr
and Cpy [€/kWp], and the PV efficiency #,y [-1;

for BESSs, the capacity Eg,,, [kWh], the nominal power Py, [kW],
and the unitary installation cost Cgess [€/kWh]. In addition, BESS is
assumed to be made of lithium-ion batteries with a fixed maximum
number N. of charge/discharge cycles, and fixed minimum and
maximum values SOCpj, to SOCax [%] of the State of Charge (SOC),
either as suggested by the manufacturer or to comply with security/
reliability requirements (e.g., for guaranteeing minimum levels of
the SOC to possibly entirely supply the tunnel during unavailability
of the upstream distribution network).

The BESS management strategy is fixed a priori and is based on the
fact that the energy tariff of road tunnels is constant during the hours
of the day. Considering this type of tariff, the following BESS strategy
is applied: BESS involves charging during hours when the solar
source should be available (for example, from 6 am to 7 pm) and
discharging, if required, during the remaining hours. Obviously, the
proposed procedure can be simply extended in the case of the
application of other different BESS management strategies and/or in
the presence of other energy tariff mechanisms.

As mentioned before, the objective function of the optimization
problem is the NPV of investment. The NPV is a function of the
annual cash flows that include annual costs and revenues taking into
account the discount rate. In particular, the objective function in-
cludes: i) costs for the installation of the Ny, Npy and Npgss modules,
ii) costs paid to replace any equipment during the considered plan-
ning time horizon; and iii) management costs and operation costs
sustained to supply the loads of road tunnel. The revenues derive
from the energy sales on the market. Starting from these consider-
ations, it is possible to define the overall objective function as:

NPV = 3" M RO) - Crgly) — Conly) | — Ca(0) ®)



A. Bracale et al.

where Cj;(0) is the cost paid at year O to install the Nyr, Npy and
Ngrss modules, Crep(y) is the cost at year y beared to replace any
equipment, and C,m(y) includes the O&M costs at year y.

The installation cost Ci;(0) 1is:

Cin(0) =Nwr  CwrPyr+Npv  CpvPpy + Npess  CpessEpess ©)

The replacement cost C,(y) is beared at the year of substitution
Yrep < Y, and it is assumed mainly due to the replacement of the BESS
systems (including batteries and inverters). Then, when (and if) the
maximum number of charge/discharge cycles N, is reached,' the
BESS has to be replaced sustaining the following costs:

1 Yrep
Crep (y = yrep) = CBexxElr;exx <1 ¥ (1/100> &)

The O&M cost C,,(y) is the sum of the maintenance cost C,(y) and
the operation costs C,(y). The maintenance cost C,,(y) is calculated
taking into account the maintenance cost of BESS C,, gzss () obtained,
for each year, as a percentage of the BESS installation cost. The
operation cost C,(y) is equal to the annual cost of purchased energy
that depends on the strategy adopted for BESS charging and dis-
charging modes. Here, assuming that H; and Hy are the sets of
charging and discharging hours, the strategy is the following: a) BESS
is charged during H., h, up to SOCy.x, when the power from
renewable sources (WT and/or PV) exceeds the load of the road
tunnel P;; b) BESS is discharged to supply the load of the road tunnel
P, during Hgys hours, only if SOC is greater than SOCy,, and the
power generated by renewable sources (WT and/or PV) is lower than
the power of the load of the road tunnel. Note that usually, the hourly
road tunnel power profiles include mainly the power required by
tunnel lighting systems and ventilation systems and the lighting
system is characterized by peak power in the morning [4].

Using this strategy, the power at PCC Ppcc(y, h) in charging/di-
scharging hours is:

PC N eSSy 1h
Prcc(y, h) :PL(y,h)JrM

Nen
— PWT [NWT. W(y, h)} — va[va, I,T()/, h)]Wlthh
€ Hy ®
Pecc(y,h) = Pr(y,h) —  ngsPais(Npess, ¥, ) — Pwr[Nwr, w(y, h)] ©
— Ppy|Npy, I (y, h)|withh € Hg;
and the operational cost C,(y) at year y is:
_ 1+ a,/100\”
Goly) = ZPPCC()'; h)cen (0, h) <m) (10)

heHp

where:

Pch(Npess,¥,h) and Pgis(Npess,y,h) indicate the charging and dis-
charging powers of Npgss BESS at year y and hour h;

N and 54, are the BESS charging and discharging efficiencies;
Pwr|Nwr,w(y,h)] and Ppy[Npy, I+ (y, h)] are the powers generated by
the Nyt WTs at wind speed w(y,h) and by the Npy PVs at solar ra-
diation Ir(y, h). Note that Pyr[Nwr,w(y,h)] is calculated starting
from the wind speed w(y, h) and the power curve of the selected WT
provided by the manufacturer; Ppy[Npy,I,(y,h)] can be simply
calculated by applying the well-known linear relationship including
irradiance I, and panel’s surface and efficiency when the Maximum
Power Point Tracking is used.

! A charge/discharge cycle of a BESS is counted when the available capacity
of the BESS is fully used to supply the load of the road tunnel.
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- Hy, is the set of hours with positive Ppcc(y, h) (purchasing hours);
- cen(0, h) is the unitary hourly energy tariff (at year 0 and hour h);

Note that: during charging hours P (Npess,y,h) is zero if the
renewable power by WT and/or PV is lower than the load power and
during discharging hours Py;(Ng.ss, Y, h) is zero if the renewable power
by WT and/or PV is greater than the load power.

The hourly revenues derive from the energy sales on the market. In
particular, during the discharging hours, if the power generated by WT,
PV and BESS exceeds the load P.(y,h) of road tunnel, the exceeding
power can be sold. Analogously, during the charging hours, the power
generated by WT and PV exceeding the load and BESS charge can be
sold. Then, the annual revenue R(y) is obtained as:

y
(1 +aw/100) an

R(y) = Y |Peccy. W) [Py, h) (5 +a/100

heHs

where H; is the set of hours with negative Ppcc(y, h) (selling hours), and
Ps(y,h) is the energy selling price at year y and hour h.

It is here highlighted that, in egs. from (5) to (11), the values of wind
speed, solar radiation, price, annual variation rate and discount rates are
known because they are generated as scenarios from the first stage, and
all the other parameters are known except for the decision variables of
the optimization problem Ny, Npy and Npgss.

The constraints on the optimization problem include: i) the SOC of
BESS must always be between SOCpi, and SOCpay; ii) the absolute
value of the power exchanged at PCC must be less than Pp&}; iii) the total
occupied surface by WT and PV modules must be less than Sp,.x; iv) the

number of BESSs is limited to a maximum value of N, modules.

SOC(y,h—1)+ Py (Npes, ¥, h) < SOCpaxwith € Hep (12)
SOC(y,h—1)— Pgs(Npess, ¥, h) > SOCpinwith € Hy; (13)
|Ppcc(y, h) | < Pp&t 14)
(NwrShyr + NpvSpy) < Smax (15)
Nppss< Npe (16)

The formulated problem is a non-linear optimization problem with
integer variables. These types of problems have been largely addressed
in the relevant literature, and there are several algorithms that allow
solving them (e.g., branch-and-bound, outer approximation, genetic and
metaheuristic algorithms) [19]. Since the scope of our paper is not to
develop a new algorithm for the solution of non-linear optimization
problems with integer variables, it is here sufficient to use one of the
consolidated algorithms from the available literature or implemented in
academic and commercial optimization software. In this paper, we use a
genetic algorithm [20] that is available, through the in-built function
“ga”, within the MATLAB’s Global Optimization Toolbox [21].

2.3. Decision criteria under uncertainty

When decision problems are subject to uncertain inputs, several
approaches can be applied to identify the best solution. This paper
proposes a set of criteria, grounded in decision theory, to select alter-
natives that demonstrate superior performance across the considered
scenarios. To apply these criteria, a framing of the decision problem is
mandatory. The decision maker handles a number of planning alterna-
tives (referred to as PA;,PA,, ..., PA;., where I** is the number of plan-
ning options) that have different outcomes in the considered scenarios
(referred to as SCp,SCs, ...,SCy-, where [* is the number of considered
scenarios). In the framework of the problem under consideration, the [**
alternatives are selected as the most frequent solutions of the optimi-
zation problem, described in sub-Section II.B, and are expressed in terms
of numbers of BESS, PV and WT modules; the [* scenarios characterize
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the behaviour of random variables of interest as explained in sub-Section
ILA.

For each planning alternative PA; (i = 1,...,I**), the NPV has to be
evaluated in each scenario SC; (j =1,...,I"), returning the corresponding
NPVy; to do that, the methodology described in sub-Section II.B and the
model expressed by Egs. (5)-(11) have to be applied. These outcomes of
the planning alternatives in all the scenarios constitute the decision
matrix. In this paper, the NPV is chosen as the metric to evaluate the
decisions; of course, further metrics could be used.

After having built the decision matrix, the decision maker has to
select the best planning alternatives. This can be done by applying
several criteria. In this paper, three criteria are considered, and they are
presented below.

i) Criterion 1: criterion of the maximization of the average NPV

The first considered criterion is aimed at the maximization of the
average NPV [22]. For each planning alternative PA; (i = 1,...,I"*), the
NPVipean(PA;) is computed by taking the mean of the values
NPV(PA;,SC;j), withj =1,...,I*, associated then with all the I* scenarios:

(Pay) — 2 MPVERSG) 7

(crity

The optimal alternative PAg, ’ found with the application of this
first criterion is identified as the one exhibiting the highest average NPV
a7:

NP Vmean

PAGIY) = arg max NPV (PA;) as)

By applying this criterion, planning alternatives that perform opti-
mally on average across all future scenarios are individuated. However,
this approach may lead to significant regret if the scenario actually
occurring deviates substantially from the average.

It is worth noting that this criterion is known as the expected value
maximization; if each scenario is characterized by a probability of
occurrence, reference to the expected value has to be made; in this case,
by applying (17), the equal likelihood of the scenarios has been
assumed.

i) Criterion 2: maximax (optimistic) criterion

The second optimist criterion involves selecting the alternative that
yields the highest possible value of the NPV across all scenarios [23].
First, for each alternativei = 1,...,[**, the maximum value NPV, of the
NPV is individuated:

NPVpy  (PA;) = max NPV(PA;,SC; ) (19)

Tl

{crity
opt
this second criterion is individuated as the alternative associated with
the maximum value of (19), as:

Then, the optimal alternative PA"*2 found with the application of

PALT) = argi:r{l?)lcﬂNPvmax (PA)) (20)

This criterion assumes an optimistic approach that is based on
selecting the best possible outcome for each alternative.

iii) Criterion 3: minimax regret criterion

The third criterion is based on the minimization of the maximum
regret [22]. Regret can be quantified as the difference between the
optimal outcome and the actual outcome for a given scenario. For each
scenario SC; with j = 1, ..., I*, first, the optimal NPV outcome can be
easily computed as:

NPV, (SC) Iirla)l(“NPV(PAi,SCJ- ) (21)

i=

Then, the regret R(PA;,SC;) incurred when selecting the planning
alternative PA; when the scenario SC; actually occurs is determined as:

R(PA;,SC;) = NPV, (SC;) — NPV(PA;,SC; ) (22)

and, for each alternative, the maximum regret can be identified as:
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Ruax(PA;) = ,max R (PA;,SC) (23)

{crit3
opt

Finally, the optimal alternative PA*" found with the application of

this third criterion is individuated as the alternative associated with the

minimum value of (23), i.e.:

PAf’;ftitw — argi:rlr}i.r%qumax(PA,») (24)
This criterion assumes a conservative approach trying to minimize

the maximum potential loss or regret and is particularly advantageous

for risk-averse decision-makers who would like to minimize the occur-

rence of negative outcomes.
3. Numerical applications on real-world tunnels

The case studies presented in this Section refer to a specific appli-
cation; however, the proposed optimal planning procedure is not limited
to the case of APROTs. The three stages of the procedure can be easily
adapted for application in different contexts.

Several numerical experiments obtained applying the optimal plan-
ning procedure to road tunnels in different regions of Italy have been
carried out to validate the proposed approach. In this Section, the results
of two case studies are reported with reference to two actual road tun-
nels in Italy to evaluate the impact of the different load profiles of
tunnels, the different availabilities of renewable primary energy sources
and the different energy prices. Note that the two tunnels are located in
two different Italian bidding areas, therefore zonal prices are different in
the two considered case studies.

In both case studies the planning horizon of the economic analysis is
Y = 20 years. The WT and PV single module specifications are: P}, = 10
kW, Pb, =10 kWp (7y = 0.17) with dimensions S%; = 100 m? and
Spy =58 mz, and unitary costs Cyr = 1630 €/kW and Cpy = 1000
€/kWp [24,25].

The BESS module specifications are: Ej, . = 12.5 kWh, P}, =25
kW, Cpess = 180 €/kWh and 7, = 14, = 0.97. In addition, we consider
BESSs with lithium-ion batteries having a number N, = 3800 of charge/
discharge cycles, and with SOCpin = 10 % and SOCpax = 100 % [25].

With reference to the uncertain input data, the results of the first
stage of the proposed optimal planning procedure are described in
dedicated Sub-sections for each case study and provide I* =2000
generated scenarios for the variables that have hourly variation (solar
irradiance, wind speed, and prices). The PDFs from which we instead
picked the I* = 2000 scenarios of the variables that vary once per year (i.
e., variation rates a,, and discount rate a) are uniform distributions U ~
[—1,2] and U ~ [1, 4], respectively, as they appear to represent well the
historical observations of these economic parameters.

The results obtained by applying the optimal sizing maximizing NPV
under the scenario set and the final decisions regarding investments are
reported in the following sub-Sections.

3.1. Case study 1

The road tunnel parameters are: the energy tariff c,, = 0.2 €/kWh;
the maximum power exchanged at PCC, Pp&t =400 kW; and the
maximum available surface Spay = 2250 m?. Fig. 4 exemplarily shows
load power of road tunnel, in pu of the maximum value, during a winter
week and a summer week.

3.1.1. MC-based long term scenarios

Long-term scenarios of wind speed, solar radiation, and energy prices
are obtained through the MC-based procedure, applied independently
for each hour of the day, using actual data collected from the European
Centre for Medium-range Weather Forecasts (ECMWF) [26] and from
the Transparency Platform of ENTSO-e [27] from 2016 to 2019. Data are
split into a three-years (2016-2018) training set and into a one-year
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Fig. 4. Case study 1. Load power of roar tunnel in pu during (a) a winter week and (b) a summer week.

(2019) validation set, for MC development purposes. The optimal order
and number of states of the MCs are searched by setting o* = 2 and N* =
100 (for the grid search of the number of states, incremental steps of five
states are considered).

Table I summarizes the results of the optimal MC selection, in terms
of optimal order and number of states, for each hour of the day. Missing
values in the solar radiation columns of Table I indicate that the MC
model is not developed for those nighttime hours, as the solar irradiance
is deterministically zero. Fig. 5 exemplarily shows the first three sce-
narios during a summer week and a winter week in the first year. Fig. 6
exemplarily shows instead the Quantile-Quantile (Q-Q) plots [28] of
several generated scenarios of hourly solar irradiance (Figs. 6a-6¢) and
of hourly wind speed (Figs. 6d-6f) against their empirical observations.
Q-Q plots appear to empirically be close to the ideal behavior (i.e., a
straight line at 45° degree), denoting a good resemblance of the gener-
ated scenarios with respect to the empirical data.

3.1.2. Results of the planning procedure
The second stage of the procedure optimizes BESS, PV and WT sizing
maximizing the NPV under the scenario set, determining the planning

Table I
Case study 1: optimal orders and numbers of states of Markov Chains.

alternatives. The results are I* optimized solutions that include I* vectors
Nwr, Npy and Npgss with corresponding annual cash flows and NPVs.
Among them, it is possible to identify and count the unique solutions
that recur. Fig. 7 illustrates a bar diagram with the number of occur-
rences for each unique solution. The results show that the number of
unique solutions is 90 and that there are some optimal sizes maximizing
NPV that repeat multiple times in several scenarios.

Assuming a threshold of 85 occurrences, I** = 6 planning alterna-
tives are selected and the third stage to determine which is the best
solution to be enforced. In particular, the decision matrix I x I* = 6 x
2000 is calculated, and in Table II we report the optimal values of the
Nwr, Npy and Npgss, and the maximum, and mean NPVs, and the
maximum regret related to the six most frequent solutions. From the
results in Table II it can be observed that for this road tunnel:

- in the considered geographical site the solar source guarantees more
profit than the wind source, in fact usually Nyt = 0;

- applying the criterion of the maximization of the average NPV and
the maximax criterion the best solution, evidenced in bold in

Hour of the day [h] Solar radiation

Wind speed

Price

Optimal order 0 Optimal number of states N

Optimal order o

Optimal number of states N Optimal order 0 Optimal number of states N

1 2
2 2
3 2
4 2
5 2
6 2 90 2
7 2 25 2
8 2 50 2
9 2 25 2
10 1 20 2
11 2 40 2
12 1 20 1
13 1 40 2
14 1 20 2
15 2 15 2
16 1 15 2
17 1 35 2
18 1 75 1
19 2 45 2
20 2 50 2
21 2
22 2
23 2
24 2

35 1 10
25 2 25
35 2 65
40 2 65
40 2 85
60 1 20
30 2 35
25 2 45
20 1 15
45 1 15
15 2 40
15 2 85
40 2 50
30 2 40
30 2 50
35 2 20
15 2 15
15 2 50
15 2 25
25 2 70
30 1 15
55 2 60
30 1 35
40 1 25
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Fig. 5. Case study 1. Example of scenarios of: solar irradiance (a), wind speed (c), and prices (e) during a winter week; solar irradiance (b), wind speed (d), and prices

(f) during a summer week.

Table II, is PA;. Using the minimax regret criterion the best solution
is PAg;

- the optimal number of BESSs does not reach the maximum possible
value while the optimal number of PVs leads to occupying a surface
near to Spax-

Eventually, the boxplot of the annual cash flow of the best solution
(planning alternative PA;) and the cash flow of the road tunnel without
DERs (red line) are reported in Fig. 8. The use of the MG with DERs
allows us to obtain a positive NPV and a payback time return of about 9
years. The dispersion of cash flows shown by box plots increases with the
years. This is due to the increasing impact of the exponential factor
rising with y.

3.2. Case study 2

The road tunnel parameters are: the energy tariff is c., = 0.2 €/kWh;
the maximum power exchanged at PCC P& =300 kW; and the
maximum available surface Spay = 2200 m?. Fig. 9 exemplarily shows
load power of road tunnel, in pu of the maximum value, during a winter
week and a summer week.

3.2.1. MC-based long term scenarios

Long-term scenarios of wind speed, solar radiation, and energy prices
are obtained through the MC-based procedure, applied independently
for each hour of the day, using actual data collected from the ECMWF
and from the ENTSO-e from 2016 to 2019. Data are split into a three-
years (2016-2018) training set and into a one-year (2019) validation
set, for MC development purposes. The optimal order and number of
states of the MCs are searched by setting 0* = 2 and N* = 100 (for the
grid search of the number of states, incremental steps of five states are
considered).

Table III summarizes the results of the optimal MC selection, in terms
of optimal order and number of states, for each hour of the day. Missing
values in the solar radiation columns of Table III indicate that the MC
model is not developed for those nighttime hours, as the solar irradiance

is deterministically zero. Fig. 10 exemplarily shows the first three sce-
narios during a summer week and a winter week in the first year.

3.2.2. Results of the Planning Procedure

The results of the second stage of the procedure are I* optimized
solutions that include I* vectors Ny, Npy and Npgss with corresponding
annual cash flows and NPVs. Among them, it is possible to identify and
count the unique solutions that recur. Fig. 11 illustrates a bar diagram
with the number of occurrences for each unique solution. The results
show that the number of unique solutions is 54 and that there are some
optimal sizes maximizing NPV that are repeated in several scenarios.

Assuming a threshold of 130 occurrences, [** = 6 planning alterna-
tives are selected and the third stage to determine which is the best
solution to be enforced. In particular, the decision matrix I** x I* = 6 x
2000 is calculated, and in Table IV we report the optimal values of the
Nwr, Npy and Nggss, and the maximum, and mean NPVs, and the
maximum regret related to the six most frequent solutions. From the
results in Table IV it can be observed that for this road tunnel:

- in the considered geographical site both solar and wind sources
guarantee profit. In this road tunnel site, the wind speed is higher
while the irradiance is usually lower than in Case Study 1.

the NPV is lower than Case study 1 since the difference between peak
and off-peak hours of the load power in the tunnel of Case study 2 is
reduced. This leads to a significant reduction of selling energy and an
increase of the one purchased during the off peak hours.

Applying the criterion of the maximization of the average NPV, the
maximax criterion and the minimax regret criterion the best solu-
tion, evidenced in bold in Table 1V, is PA,.

Eventually, in Fig. 12 the boxplot of the annual cash flow of the best
solution and the cash flow of the road tunnel without DERs are reported.
The use of the MG that includes renewable generators and storage sys-
tems allows to obtain a positive NPV and a payback time return of about
15 years.
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Fig. 6. Case study 1. Q-Q plots of solar irradiance generated scenarios at hour 10 (a), 13 (b) and 16 (c) of the day against their empirical observations; Q-Q plots of

wind speed generated scenarios at hour 10 (d), 13 (e) and 16 (f) of the day against their empirical observations.
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Case study 1: Nyr, Npy, Npgss, mean, max NPV and maximum regret of the most
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Fig. 7. Case study 1: Number of occurrences of unique solutions and threshold
(red dashed line).

4. Conclusions

The problem of road tunnel energy consumption and sustainability is
considered in this paper, with the specific aim to perform the optimal
planning of an MG that includes renewable generators and storage
systems to supply the tunnel loads. A new optimal procedure is proposed
to determine the number of modules of DER units that maximize the
NPV through the investment lifetime and, thus, to assess the profitability

| Planning Nwr Npy  Npess  NPViean NPVinax Rimax
alternatives [kel [k€] [k€]
PA; 0 37 8 573.42 893.89 15.09
PA, 0 36 8 562.41 876.43 30.75
PA3 0 37 7 565.55 879.92 28.33
PA4 0 38 8 566.43 892.67 12.12
PAs 0 38 9 555.86 884.98 29.55
PAg 1 36 8 552.81 860.83 40.38

of the MG investment. The proposed methodology incorporates all
planning uncertainties, includes an advanced MC-based methodology
for the long-term generation of stochastic variable profiles, and satisfies
the technical and contractual constraints selectable by the tunnel owner.
Moreover, the decision criteria that are most frequently proposed in the
literature for the selection of the optimal solution are considered to
finalize the decision making process.

The proposed procedure is applied in several case studies of actual
road tunnels to verify the benefits, the flexibility and the effectiveness of
the proposed approach. The results of two case studies are reported with
reference to road tunnels in the South Italian bidding areas, to evaluate
the impact of different profiles of tunnel loads, different availabilities of
renewable primary energy sources and the different zonal energy prices.
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The use of an MG that includes renewable generators and storage sys-
tems always allows to obtain a positive expected NPV and a payback
return time that is about 9 years and 15 years, respectively.

Although the numerical applications refer to the specific case of
APROTs, the proposed optimal planning procedure can be applied to
various planning problems that include long-term planning and uncer-
tainty factors/variables. In fact, the three stages of the procedure are
general and can be customized according to the specific case study.

Ongoing activities to enhance the proposal are focused on: i) the
extension of the proposed approach to two or more road tunnels con-
nected to the same electrical primary substation to implement the
concept of self-consumption and energy communities and to enable a
better utilization of primary renewable energy sources; ii) the integra-
tion of external loads to the tunnel, such as charging stations, with the
consequent possible necessity of tools for the forecasting of the external
loads; iii) the application in case of real-time tariffs of energy and iv)
different management strategies (for example, improving lifetime of
BESS),and other services (e.g., flexibility resources, enhancement of
security and reliability of the tunnel supply) that can be provided by

0.8 1

Load power of road tunnel [pu]

L L

140 160

0 . . . . .
20 40 60 80 100

Hour [h]

(b)

120

Fig. 9. Case study 2. Load power of road tunnel in pu during (a) a winter week and (b) a summer week.

Table III
Case study 2: optimal orders and numbers of states of Markov Chains.

Hour of the day [h] Solar radiation

Wind speed

Price

Optimal order 0 Optimal number of states N

Optimal order o

Optimal number of states N Optimal order 0 Optimal number of states N

1 2
2 2
3 2
4 2
5 2 85 2
6 2 55 2
7 1 25 2
8 2 35 2
9 1 60 2
10 1 35 2
11 1 30 2
12 1 40 1
13 1 35 2
14 1 45 2
15 1 35 2
16 1 20 2
17 1 25 2
18 2 45 2
19 2 60 2
20 2 25 2
21 2
22 2
23 2
24 1

35 1 75
45 1 65
40 2 35
40 2 85
30 2 35
40 2 80
50 2 75
45 2 30
55 1 30
60 1 40
25 2 95
30 2 50
45 1 55
45 1 70
50 2 65
30 2 30
30 1 30
50 1 75
40 1 75
65 1 25
50 1 80
55 1 10
30 1 75
30 2 10

10
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Fig. 10. Case study 2. Example of scenarios of: solar irradiance (a), wind speed (c), and prices (e) during a winter week; solar irradiance (b), wind speed (d), and

prices (f) during a summer week.
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Table IV

Case Study 2: Nyr, Npy, Nggss, Mean, Max NPV and Maximum Regret of the Most
Frequent Solutions.

Planning Nwr Npy  Nges NPViean NPViax Rmax
alternatives [k€] [k€] [k€]
PA; 8 24 9 106.03 290.63 56.59
PA, 10 21 10 138.36 347.22 17.15
PA; 10 21 9 131.13 334.72 30.44
PA, 11 19 10 129.44 336.48 16.02
PAs 10 21 8 123.02 322.31 40.85
PAg 8 24 10 118.16 303.92 44.69
BESSs.
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