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Abstract - Hydrogen produced from renewable sources (green hydrogen) will be
recognized as one of the main trends in future decarbonized energy systems. Green
hydrogen can be effectively stored from surplus renewable energy to thus reducing
dependency of fossil fuels. As it is entirely produced from renewable sources, green
hydrogen generation is strongly affected by intermittent behaviour of renewable
generators. In this context, proper uncertain modelling becomes essential for adequately
management of this energy carrier. This paper deals with this issue, more precisely, a
novel optimal scheduling model for robust optimal scheduling of isolated microgrids is
developed. The proposal encompasses a green hydrogen-based storage system and
various demand-response programs. Logical rules are incorporated into the
conventional optimal scheduling tool for modelling green hydrogen production, while

uncertain character of weather and demand parameters is added via interval-based
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formulation and iterative solution procedure. The developed tool allows to perform the
scheduling plan under pessimistic or optimistic point of views, depending on the influence
assumed by uncertainties in the objective function. A case study serves to validate the
model and highlight the paper of green hydrogen-based storage facilities in reducing
fossil fuel consumptions and further exploit renewable sources.
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Nomenclature

Indexes(Sets)

t(T) Time

s(S) Sheddable consumer

d(D) Shiftable consumer

Superscripts

NS Non-served

DEG Diesel engine generator

PV Photovoltaic

WG Wind generation units

EZ Electrolyser

FC Fuel cell

LD Local demand

HSS Hydrogen storage system

(*)/@ Maximum/minimum value

(*) Uncertain parameter

Parameters & constants

At Time step (h)

A Penalization for loss load ($/kWh)

0 Penalization for shedding application ($/h)
v Penalization for unserved energy ($/kWh)
€ Total energy demanded by consumers subjected to shifting

DEG

agreements (kWh)

wPEC wDEC wDEG  Cost coefficients of the DEG ($, $/kW, $/kW?2)

K Capital cost ($/kW)
U Operation & maintenance cost ($/kWh)
v Start-up and shutdown costs (3$)
T Number of life hours
RDIRU Ramping up/down rate limit (kW)
Efficiency (p.u.)
aVe gWe Speed-power curve coefficients (kW-(m/s)=, -)
7o Capacity of the hydrogen storage system (m?3)
pHSS Temperature inside the hydrogen tank (K)
LHV Hydrogen lower heating value (J/mol)
N Gas constant (m3-bar/(K-mol))
& Uncertain level (-)

Interval modelling

[a]
E[a]

Uncertain parameter a modelled as an interval number
Expected value of the uncertain parameter a

Decision variables

p
n

g

Power (kW)
Molar hydrogen (mol)
Hydrogen pressure (bar)
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u Commitment status (binary)
ong/off} Takes 1 if the unit i is activated at time t, and 0 otherwise (binary)

Uncertain parameters (£2)

03r  Ambient temperature (°C)

V) Solar irradiance (kW/m2)

y Wind speed (m/s)

d Local non-sheddable/deferrable demand (kW)

Vectors notation

w Vector of continuous variables
u Vector of commitment (binary) variables
Q Uncertain set

1 - Introduction
1.1 - Context & motivation

Hydrogen has gained an attention as future essential energy vector [1], especially the
so-called green hydrogen, which is entirely produced through water electrolysis from
renewable sources [2]. Different governmental entities and institutions are launching
initiatives and projects to boost up investigation and use of this kind of source in future
decarbonized energy systems [3]. Specifically, green hydrogen is expected to be one of
the main energy sources in future smart cities [4]. Nowadays, European Union uses
approximately 9.7 Mt of hydrogen annually, which needs to be decarbonized (i.e.
converting it to green) [5].

Due to the increasing importance of green hydrogen in the upcoming energy sector,
recent researches have been focused on improving the technology and efficiency of fuel
cells (FCs) and electrolyzers (EZs) [6]. In this regard, reversible FCs have appeared as an
attractive alternative to conventional devices, in order to improve the efficiency and
economy of the hydrogen-based systems [7]. Emerging technologies such as solid-oxide
FCs and EZs are gaining importance and are nowadays profusely studied for different
applications, such as thermal energy storage by means of waste heat utilization [8] or co-
electrolysis of water and CO2 [9]. Hydrogen can be stored in different states. The most

conventional one is inside pressurized tanks [10], but emerging technologies such as
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metal hydride [11] and metal alloys [12] are being profusely studied to improve the
efficiency, economy and security of the storage process.

In this context, it is observed a growing interest for integrating hydrogen generators
and storage facilities with renewable sources such as photovoltaic (PV) and wind
generation (WG) units, and demand-response (DR) programs [13]. To manage with
intermittent nature and properly exploiting eventual surplus energy from renewable
generators, hydrogen-based storage units which encompass EZs, hydrogen storage
system (HSS) and FCs, become an essential facility to properly manage green hydrogen.
More precisely, HSSs will play a vital role in energy management of isolated microgrids
(MGs). Hydrogen-based storage has a higher energy density compared with traditional
storage systems like Li-ion batteries [14]. Because this salient feature, HSSs are capable
of storing large amounts of energy in a reduced space, thus supposing an attractive
alternative to electro-chemical batteries. In this sense, hydrogen vessels may complement
or even replace other technologies like batteries in MG applications [15].

1.2 - Related works

Some references have focused on energy market integration of HSSs, determining
their optimal bidding strategy. In this regard, the reference [16] deals with the optimal
integration of hydrogen-based systems in energy markets. To this end, a Mixed-Integer
Linear programming (MILP) energy management problem is formulated, which
determines the optimal bidding strategy in competitive electricity markets. On the other
hand, the reference [17] also contemplates the implantation of price-based DR initiatives
to improve the flexibility of the system. In both references, the uncertainties from
renewable generation are modelled via stochastic programming. This approach requires
to generate and solve a large amount of scenarios. In addition, a priori knowledge about

probability distributions of uncertain parameters is needed. To circumvent such issues,
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the authors in [18] used information gap decision theory (IGDT) to model the
uncertainties related with optimal bidding strategy of a hydrogen-based MG.

Other group of references is focused on the flexibility offered by smart parking lots.
The model in [19] considers the response capability of vehicles charging processes, thus
improving the economy of the retailer. The authors in [20] developed a multi-objective
energy management problem, in which DR from charging infrastructures is considered
and peak load management is incorporated as a secondary objective. Morzaghi, et al [21],
developed an energy management model for smart parking lots integrated with HSSs. To
manage with uncertainties from PV and WG, the authors employed interval arithmetic.
The resulting bi-objective problem is then solved using the epsilon-constraint procedure.
Similarly, interval arithmetic was considered in [22] to manage with uncertainties,
employing in this case scalarizing functions to deal with the multi-objective optimization
problem.

The reference [23] poses a multi-objective optimization approach for a hydrogen-
based clean energy hub which considers economic, environmental and energy reserve
objectives. In this model, DR is included by deferring the operation of EZs with hysteresis
control under stochastic programming. In [24], the authors proposed a security
constrained unit commitment for power systems with high penetration of wind energy,
HSSs and DR programs. Kholardi, et al [25], proposed an energy hub model with
consideration of the hydrogen network and thermal DR premises. The considered system
comprises EZ, HSS and FC, and considers a bi-objective function with economic and
environmental targets. The reference [26] deals with optimal sizing of HSSs for
minimizing the intermittent impact of renewable generators. This model considers a

flexible operation of hot water reservoirs.
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The reference [27] proposed a three-level optimization framework, for optimal
operation of an electric-hydrogen virtual power plant, which can sell/purchase energy in
both electricity and hydrogen markets. Each level of the developed framework optimizes
the energy flows in the system from different time scales. The article [28], deals with the
optimal coordination of multiple Power-to-Hydrogen plants, with the objective of
determining the most suitable hydrogen dynamic pricing and minimizing the joint
operation cost. The different stations incorporate HSSs to participate in capacity ancillary
services. In [29], the optimal operation of hydrogen-based storage system is performed
through a bi-objective optimization procedure with scalarizing functions and max-min
fuzzy decision-making technique.

The reference [30] deals with the optimal operation of a wind-based MG with HSSs.
The optimization problem is solved via stochastic programming, incorporating risk-
averse constraints and price-based DR programs. Mirzaei, et al [31], developed a
stochastic security-constrained operation for a wind-HSS system in which a part of the
demand is controllable under price-based DR programs. In [32], a stochastic-robust
model for optimal coordination of WG units and HSS in a multi-energy hub is proposed,
which aims at minimizing the total operational cost of the system. This reference
contemplates price-based DR initiatives in both, electrical and thermal demand. The
optimal operation of a multi-energy hub with power, gas, heating networks and HSS is
addressed in [33], including the conditional value at risk in the model to count the
uncertainty of wind speed. Shabani, et al, developed in [34] a decentralized framework
for optimal coordination of various agents in a multi-energy system. The system
comprises a HSS and DR in thermal, hydrogen and electrical loads.

The reference [35] addresses the optimal management of a multi-energy system with

hybrid energy storage comprising HSS and batteries. In [36], a robust optimization



186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

approach is proposed for an energy hub which incorporates a storage system. The
proposed model takes into account volatility of energy prices and contemplates possible
revenues for selling hydrogen to a local consumer. Similarly, the reference [37] developed
a hybrid robust-stochastic approach, by which the energy price is treated by robust
optimization while remainder uncertainties are modelling via scenarios. Al Hajri, et al,
developed in [38] a stochastic day-ahead unit commitment model for integrated
electricity-gas networks. This model contemplates both HSS and plug-in electric vehicles,
supplied by high penetration of renewable units.
1.3 - Contributions & paper organization

Uncertainties modelling is one of the main concern when dealing with green
hydrogen, due to stochastic essence of renewable generators. This aspect is especially
relevant in isolated MGs, in which robust scheduling tools are essential for ensuring
reliable supplying. In this regard, multiple approaches such as stochastic or robust
programming, interval arithmetic or IGDT have been applied to HSSs. Table 1
summarizes the main features of the reviewed literature. On the basis of this analysis, the
following research gaps have been encountered:

e Some references totally ignore the stochastic essence of renewable generation,
while the majority of the literature employs stochastic-based approaches, which
present a high computational burden and require a knowledge of the probability
distributions of uncertain parameters.

e In most cases, only price-based DR programs are considered. This kind of
initiatives find to shift the demand to off-peak periods through lower prices.
However, further capabilities of DR schemes are seldom analyzed, such as the

impact of incentive-based programs.
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e Green hydrogen is normally not explicitly modelled. Instead, optimization
problems assume that electrolyzers are only operated under eventual surplus
renewable energy. However, this assumption does not ensure that produced
hydrogen is totally green. This simplification may lead to generation of no-clean
hydrogen, which may entail environmental concerns [2].

This paper is therefore motivated in the issues numerated above, and aims at solving
them. To this end, a novel interval-based model for optimal scheduling of isolated MGs
with green HSS and DR programs. In contrast to conventional interval-based
formulations (e.g. see [21, 22]), the new proposal is inspired in [39], which takes
advantage of the merits of conventional interval-based approaches but replacing the use
of interval arithmetic by a simpler but reliable yet an iterative solution approach. This
way, the MG operator can use forecast information of weather and demand forecast and
their associated confidence intervals to carry out a robust scheduling plan of the MG. By
this approach, it is avoided the resolution of a bi-objective optimization problem, as in
the case of conventional interval-based approaches. Furthermore, the proposed approach
allows to adopt optimistic or pessimistic strategies depending on the impact of
uncertainties, which is not possible in other methodologies like stochastic programming.
In addition, this paper presents the following relevant contributions:

e The developed optimization model incorporates detailed components modelling,
which occasionally present nonlinearities. To preserve the linearity of the model,
different linearization techniques are used and they are suitable to different
nonlinearities encountered. This way, the resulting problem is a MILP, which is
easily solvable by conventional software and present a modular structure [40],

being so adaptable to different MG layouts.
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e Mixed-Integer-Logical constraints are added to model green hydrogen
production, so that the scheduling plan ensures that all the hydrogen produced in
EZs is totally green.

o Different DR programs are considered. Thus, the studied MG incorporates various
sheddable and deferrable consumers, which can be shut down or deferred if the
scheduling plan thus considering. Establishing a series of penalty payments to
compensate the application of DR premises.

As seen in Table 1, the new proposal supposes the first attempt to apply the iterative
procedure in [39] to hydrogen-based MGs. In addition, the present research is, to the best
of our knowledge, the first one to incorporate an explicit modelling of green hydrogen
through logical constraints. A case study on a benchmark isolated MG is performed and
various results are provided to validate the developed optimization model.

Table 1 - A summary of the literature review

S . Green

Reference Optrlnnglggtlon Urrlncoedr'é?llir;]tles DR hydrogen

g modelling
[16, 17] MILP Stochastic Price-based No
[18] MILP IGDT Price-based No

[19, 20, : .

30, 33, 34] MILP Stochastic Price-based No
[21, 22] MILP Interval arithmetic Price-based No
[23] MILP Stochastic Incentive-based No
£294]"26' MILP No Price-based No
[27] Nonlinear No Price-based No
[28] Nonlinear No Incentive-based No
[31, 38] Nonlinear Stochastic Price-based No
[32, 37] MILP Stochastic-robust Price-based No
[36] MILP Min-max Price-based No
Forecast intervals Price-based Logical

Present MILP (iterative) Incentive-based constraints

In the rest of this paper, Section 2 overviews the isolated system under study. Section
3 develops the mathematical models employed in the paper. The solution procedure for

robust optimal scheduling of the MG under study using interval optimization is described
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in Section 4. Section 5 presents a case study and provides various numerical results. The
paper is concluded with Section 6.
2 - Overview of the isolated system under study

This paper focuses on studying isolated MGs with green hydrogen-based storage
system, which is schematically depicted in Fig. 1. The grid can supply the local demand
by either renewable or backup generation through diesel engine generators (DEGS).
Instead of conventional storage facilities formed by batteries, the studied MG
incorporates a HSS with large storage capacity. As commented in the Introduction,
reversible FCs could be used thus avoiding the necessity of EZs. Nevertheless, reversible
FCs can be easily modelled as a FC + EZ system, in which each device simulates the
charging/discharging processes of the HSS [41]. This is the reason why this paper
assumes a conventional HSS formed by FC, pressurized hydrogen tank and EZ. The
renewable generation is provided by PV and WG units. These generators can also produce
hydrogen through water electrolysis. Hydrogen production is enabled when there is an
excess of renewably energy, thereby, the hydrogen production is entirely green. The

produced hydrogen is then stored in vessels, from which FCs can be supplied to generate

electricity.
Energy
—> Energy flow 7\ e (7 bus Fol
Information flow A ﬁ () [ (i g% >he ﬁ
Sheddable Shiftable Non-flexible
consumers consumers consumers »1«
e (I 1 MG operator% /\ "
RS QLI ™ e— @'
Backup generation

B

_ . — 1—'_1[ Scheduler ﬂ\}(_(_ ﬁTm
L0848 g1t

Electrolyzers Hzg:)aggeen Fuel cells I =
Renewable generation Hydrogen storage system

Figure 1 - Schematic representation (left) and single-line diagram (right) of the isolated system
under study
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The system under study contemplates various DR programs. On the other hand, a
series of loads could be considered sheddable. These consumers may be directly
disconnected from the grid, obtaining a compensatory payment for each hour that they
are shut down [42]. This kind of DR is typical of large consumers, which may play a
crucial role in power systems for ensuring the stability of the system. Nonetheless, in this
paper their response might be still valuable for the MG operator, who could reduce the
dependence of backup generators if penalization payments compensate the cost of diesel
generation. In this sense, consumers agree a penalization payment which compensates the
scheduled interruption of their consumption, which may presumably be deferred to other
days. It is worth noting that interruption of sheddable loads is day-ahead scheduled,
therefore, these consumers may properly adapt its routine according the programmed
disconnections. Similarly, shiftable loads provide flexibility to the MG operation by
deferring their consumption. Thus, these consumers agree an amount of energy that they
desire to receive through the considered time horizon, however, this energy can be served
whatever the scheduling plan determines most profitable. This kind of DR may be
valuable for that kind of consumers which have certain storage capability, as for example
electric vehicle recharging stations. Similar to sheddable consumers, the deferring loads
obtain a monetary counterpart for each kWh that it is not served. The operator informs
these consumers about the total quantity of energy that will be supplied, thus these
consumers could schedule their internal operation accordingly. Finally, a large percentage
of consumers is considered non-flexible and, therefore, their consumption patterns cannot
be modified on the basis of price signals. Nevertheless, the MG can still decide no serving
a percentage of the demand, paying a high penalization for each kWh non satisfied.

The MG operator daily performs a day-ahead scheduling plan for the MG under study.

The scheduling tool consists on a robust optimization problem, that it is described in the
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following Section. For this task, operator requires forecast profiles for local demand and
weather parameters. Conventional techniques normally provide confidence forecast
intervals [43], within which the observed value may lie assuming a degree of probability.
These intervals are essential for carrying out the developed scheduling problem, as
explained in Section 3. With the necessary predicted information, the scheduling plan is
calculated, which is transmitted to the different assets and consumers, as shown in Fig. 1.
This operational principle is illustrated in Fig. 2. This paper does not deal with real time
management, therefore, possible adjustments in the scheduling plan during the current
day are not considered. For this task, a variety of real time management control are
available in the literature (e.g. see [44]). Therefore, the developed tool is perfectly
applicable to real cases, since the real-time control can be easily used in combination with
the developed optimization model forming modular tools (e.g. see [45]). This feature is
enabled because the MILP formulation of the developed day-ahead scheduling problem,
since, as said in [40], this formulation presents a modular structure that allows it to be

adapted to different cases and layouts.

Current day MG operator receives weather
and demand forecast along
(day d-1) confidence intervals
MG operator performs the
optimal scheduling plan over a
day-ahead horizon
MG operator informs to sheddable The different dispatchable units
and shiftable consumers about the receive information about the
resulted scheduling plan resulted scheduling plan
Day ahead v
(day d) Real time control of the MG to

adjust the
generation/consumption profile
(not contemplated in this paper)

Figure 2 - Flowchart of the day-ahead scheduling procedure for the MG under study
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3 - Mathematical models

This section describes the mathematical models for the optimal scheduling tool of the
MG under study. For the formulation of the problem, a particular interval is utilized in
formulation of uncertain parameters, which is firstly described.
3.1 - Interval numbers

Interval arithmetic was firstly proposed by Moore [46] and has been extensively used
in different problems [21, 22]. This approach represents an inexact parameter taking its

expected value and maximum and minimum values, as follows:

[a] = [a,d] (1a)
[a] = {ala <a<a} (1b)

As commented, forecast techniques usually provide not only the expected value of a
parameter, but also its confidence interval. In this paper, we propose an alternative

formulation to (1), which fully exploits this information, as follows:

[a] = (E[a], [a]', [a]") (2a)
a = E[a] + [a]’ (2b)
a = E[a] - [a]* (2c)

As seen, by (2), the uncertain parameter a is represented by its expected value and the
amplitude of the predicted interval below and above the expected value. This approach is
illustrated in Fig. 3.

ay

> .
time
Figure 3 - Illustration of the interval approach used in this paper
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3.2 - MG energy balance
The constraint in (3) ensures the generation-load balance in the MG any time instant.

As seen, this expression includes the non-served load as an independent generator.

A

pe™C + 0+ pC + i+ pi® = [BrP] + pi” 4 Bvsestud - [PE1} +
Yvaep(pl}; VEET 3
3.3 - Green hydrogen modelling
As commented, the storage system contemplates in the MG depicted in figure 1 is
based on green hydrogen production, therefore, all the hydrogen produced by electrolysis
has to be generated from surplus renewable energy. In particular, surplus renewable
energy in the case of the MG under study is given by:
SP, = [pFV] + [AT] — [d); vt e T (4)
Equation (4) represents the net renewable potential at time ¢, which is positive if there
Is an excess of renewable generation and negative otherwise. To ensure that all the
hydrogen produced is totally green, the following ‘if” logical condition is imposed.

EZ :
{?f <SP, 1fSPtO> V\?; Ve ©)

By the constraint in (5), the total energy absorbed by the EZs is provided by renewable
generators and, consequently, the hydrogen produced is green. The logical constraint in
(5) can be converted to linear terms by using the big M method [47]. This approach

requires to declare the dummy binary variable @™ and impose the following constraints.
M-w >SP; VteT (6)
M-(1-w)>-sP; vteT @)
where M is a large positive number. It can be easily checked that w® = 1 if SP, > 0,

and 0 otherwise. To complete the linear model of (5), it is necessary to impose the

constraint in (8).
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pE2 < @™ .Sp; vt e T (8)
The constraint in (8) ensures that the total energy absorbed by the EZs does not
surpass the total renewable surplus. When the interval numbers in (5) are declared as
optimization variables (see Section 4), products of integer and continuous variables
appear in (8). These terms can be easily linearized by declaring additional variables and
constraints (see Appendix A).
3.4 - Dispatchable units modelling
In the MG described in Section 2, some units can be considered dispatchable. More
specifically, DEG, EZ and FC can be scheduled on the basis of signals sent by the MG
operator and determined by the scheduling tool. These units are normally described by
lower and limit dispatchable powers and ramp constraints [48], as illustrated in (9) and

(10), respectively. On the other hand, the equation (11) links the on/off and commitment

variables.

ul -pt < pi <ul-P'; vt €T Ai € {DEG,EZ FC} 9)
pi-1 — RD' < p{ < p;_, + RU’; Vt € T\t > 1 Ai € {DEG, EZ FC} (10)
on} + offf = u} —u;_;; Vt €T\t > 1A i € {DEG, EZ, FC} (12)

3.5 - PV generators modelling
PV potential generation is determined by weather parameters, more precisely, the
maximum power that a PV generator can deliver is a function of the solar irradiation and

ambient temperature, and can be calculated, as follows [49]:

(6] =5"" - [0.25 - [9.] +0.03- [9,] - [02"] + (1.01 = 1.13 - n™) - [3,]°]; vt €

T (12)
As commented in [50], the expression above cannot be directly applied since its value

can be occasionally higher than the installed peak power. To avoid this conflict, the

following logical constraint can be imposed.
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[#PV]if [$FV] < 117"
1.1- g_opv, 0.W.

OSpEVs{ i VELET (13)

By the constraint in (13), the power given by PV units is limited to 10% over the
installed peak power, which is a usual bound for PV installations [50]. When the interval
numbers are declared optimization variables, the condition (13) can be linearized by using

the big M method in a similar way to (5), as follows:

M-o®211-5" —[p!V]; veeT (14)
M-(1-o) 2 [¢fV]-11-5"; veeT (15)
PPV <@ ¢+ (1-w®) (115" ) veeT (16)

where @@ is analogue to @™ in (6)-(8). A product of the dummy integer variable @
and the continuous one [$FfV] appears in (16), which can be linearized following the
procedure described in Appendix A. In the expression (12), a quadratic term due appears
when solar irradiance is declared as a variable. To linearize this term, the procedure
described in Appendix B can be used. Similarly, a bi-linear term may appear in (12)
because the product of the solar irradiance and ambient temperature. This product can be
linearized using advanced piecewise strategies (see Appendix C).
3.6 - WG units modelling

The power given by WG units is a function of the wind speed and is normally given
by the well-known speed-power curves of the wind turbines [48], as shown in Fig. 4. As
seen in this figure, these profiles are divided into 4 sections limited by characteristics
wind speeds. These curves are normally facilitated by manufacturers and can be

mathematically expressed as follows [48]:

(Or lf [?t] < ZWG
~ aWVe . ([7.1)3 — WG_—WG’if WG < [9.] < y WG
[Be] = J e ([P D> =B"" D Y [Pl <vy vEeT 17)
5 )] inyG'* < [At] S y
0, if [7] > 7"
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Figure 4 - Typical speed-power curve of a wind turbine
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To linearize the model (17), a piece representation of the speed-power curve into 5

sections is proposed as follows:

( Y1=0
| 7, = yWo
5= | =yvor (18)
| Fa=yo
L =
k 75 = M

The piece representation in (18) can be efficiently linearized by introducing the

integer set ¢, which has 4 dimensions, and imposing the constraints (19) and (20).

YEHoue 7 < Pl < TE3{cioaye - i) VEET (19)
- —WG —WG
PENG=C1|t‘0+C2|t’(aWG'[Vt]3_,3WG’P )+§3|t'P + G4+ 0; VEET (20)

The equation (19) determines which element of the set ¢ according the wind speed
any moment, while the model (20) yields the power given by WG units using the piece
model (18). To ensure that only one element of the set ¢ is activated at once, it can be
declared a special ordered set 1 (see [51]). On the other hand, the cubic term in (20) can
be linearized using piecewise representations (see Appendix B) while the product of
integer and continuous variables are linearized following the model described in
Appendix A. The wind turbine model is completed by introducing the efficiency, as said
the equation (21).

0 <pe <o [¢)]; vteT

(21)

3.7 - Hydrogen storage modelling
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The set of constraints (22)-(27) model the HSS contemplated in the MG under study,

and corresponds with modified versions of other standard modelling (e.g. see [19, 52]).

EZ_, EZ

gt =T_LF; VtEeT (22)

R SR 23

Ne” = JFcrnv’ (23)
HSS.

g?ISS = g?—sls + e_Hssm' (nEZ - nfc); VteT\t>1 (24)

v
ghss < ghss < gMsS, yr e T (25)
ZViE{EZ,FC}{ué} <L VvVteT (26)

The equations (22) and (23) are the molar hydrogen production/absorption, as
function of the electrical power absorbed/generated by EZ/FC. The equation (24) models
the state of pressure inside the hydrogen tank, which must lie within acceptable limits, as
said the constraint (25), whereas the constraint in (26) avoids the simultaneous charging-
discharging of the hydrogen tank. Similar to conventional models used for batteries (e.g.
see [48]), the initial pressure of the hydrogen tank must be set since the equation (24) is
not defined for t = 1. In this work, as customary for other storage technologies, it is
assumed that the hydrogen tanks are totally filled at the beginning of the time horizon. In
order to keep the model coherent, the constraint (27) ensures that the final status of the

HSS is equal to the initial state of charge.

—HSS
Ii=F = giooa = (27)

3.8 - Shiftable consumers modelling
It is realistic to assume that power supplied to shiftable consumers should be limited
by any type or physical or contractual bound, as said the constraint (28). On the other

hand, the constraint in (29) is included to avoid incoherency in the objective function.

0<pi<p’ VteTAdED (28)
Yvieripf} < e’ ; Vt€TAd €D (29)

3.9 - Objective function
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The MG operator presumably aims at minimizing the total operating cost of the
system. According to the description in Section 2, the operating cost of the MG under
study encompasses various terms, as follows:

f — fShedding + fShifting +fNS +fDEG +fPV +fWT + fEZ + fFC (30)

It is noteworthy that despite the objective function (30) involves eight terms, all of
them are referred to different costs which, in combination, yield the total daily operational
cost of the MG under study. Therefore, due to all of terms in (30) are referred to monetary
units, the resulting optimization problem is solved as a single-objective approach since
the unique target is the minimization of the total expenditures.

The first two terms in (30) are the cost of penalizations due to application of DR
programs. For the sheddable consumers, these payments are proportional to the total
number of hours that they are forced to be disconnected from the grid, and can be
calculated as follows:
fohedding = 3o es{At - 0° (T = Zyer{uf D} (31)

For the shiftable consumers, penalizations are established proportional to the
deviation of the amount of energy agreed with the operator. Therefore, the total penalty
cost in which the system incurs for shiftable demands is given by:
fShifting = ZVdED{Ud : (Sd — At ZVtET{pg})} (32)

The third term in (30) is the cost of non-served energy. In this paper, non-served load
is treated as an independent generator with its own associated cost per kwWh. This way,
the cost of non-served load can be easily calculated by (33), while (34) establishes

coherent limits for the variable.

NS = Tyeer{Ar - ANS - p¥S} (33)
0<pNS<[pP]; vteT (34)

The fourth term in (30) are the total expenditures of DEG operation, which comprises

degradation and fuel costs. The latter, can be calculated as a quadratic function of the
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power delivered [53]. Therefore, the total costs associated to DEG operation are given

by:

DEG.;;DEG
DEG _ |, DEG , (K0P DEG DEG ., , .DEG DEG)? .
f = DvteT {AT [ut ( TDEG T W1 ) + e w; "+ (pt )

w2} (35)

In this paper, the quadratic term in (35) is linearized by using efficient piecewise
representation (see Appendix B). The remainder terms in (30) account for the operational
and maintenance costs of renewable generators and the hydrogen-based storage system.
For renewable units, these costs are proportional to the total energy generated, as said the
equation (36) [48]:
f'= Zvier{At - pi - u'}; Vi € {PV,WG) (36)

While in the case of the HSS, along the maintenance expenditures, the startup and
shutdown costs and equipment degradation have to be included, as follows [54]:

Kl

fi=Yvier {AT : (T—p -ul + pk- ui) +vi- (on + off;')}; Vi € {EZ,FC} (37)
4 - Solution Procedure

This section describes the procedure for robust solution of the optimal scheduling tool
developed in Section 3, using interval notation of uncertain parameters. The proposed
optimization problem is performed into three stages. The first one corresponds to the
conventional deterministic scheduling model, in which the uncertain parameters take their
expected values. As a result of this stage, the scheduling plan for the different assets and
sheddable consumers is passed to the second step, in which the most
favorable/unfavorable values of the forecast variables are calculated. To this end, the
uncertainties are taken as decision variables, allowing them to vary within the predicted
intervals. In this stage, the effect of the uncertainties in the objective function (30) is

evaluated. Thus, it is assumed that an uncertain parameter takes favorable values if it
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supposes a reduction of the operational cost, while the unfavorable values increment the
monetary expenditures. Finally, the third stage receives the information of the second
stage and adjusts the scheduling plan accordingly. To this end, the deterministic model is
again solved in this stage, but taking the value of uncertainties calculated at stage 2
(favorable or unfavorable values depending of the strategy taken). The proposed
procedure allows to adjust the degree in which the predicted intervals are considered,
which indirectly set the level of uncertainty assumed by the operator. This is modelled by
introducing the so-called uncertain level &, whose importance is later highlighted.
Inspired by [39], an iterative procedure is proposed to robust scheduling of the MG
under study. The proposed algorithm is illustrated in the flowchart of Fig. 5. By this
procedure, firstly the deterministic solution is calculated taking the expected value of
uncertainties. After, the value of the uncertainties and the scheduling plan are
progressively updated each iteration, by iteratively running the stages 2 and 3. Each stage
updates the deterministic and uncertainties solution, and passes this information to the
following stage. The process is finalized when the solution of both stages no longer vary,

which is determined by the following stopping criterion:

(2)_((3)
lrr
e < tol (38)
k

where the subscript denotes the k" iteration of the iterative procedure; £ and f© are
the values of the objective function (3) in the stages 2 and 3, respectively; and tol is a
preset convergence threshold which is fixed equal to 0.01 in this work. It is worth noting
that the scheduling plan can be executed under optimistic or pessimistic perspectives
depending on the impact of uncertainties in the objective function. In the former case, the
uncertainties are assumed to impact negatively on the objective function, while in the
latter, the uncertainties take favorable values. Therefore, the optimistic strategy finds the

value of uncertainties that minimizes the objective function (30), while the pessimistic
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perspective finds those values of uncertainties that maximize the monetary expenditures.
In this regard, the optimistic and pessimistic perspectives can be conceived as the risk-

seeker and risk-averse strategies in [55], respectively.

Input data

Q Equipment specifications

Q Forecast profiles

QO Predicted intervals

QO Set uncertain level and
tolerance threshold (tol)

¥

Solve the deterministic model, in
which the uncertain parameters
take their expected values

¥
Update the L
deterministic solution |~
I
v v
O Solve the uncertain model, in O Solve the uncertain model, in
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a2 -] x
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solution solution

Solve the deterministic model to
adjust the scheduling plan under
uncertainties. In this case,
instead of expected profiles, the
uncertainties take the values
calculated at stage 2

Figure 5 - Flowchart of the developed procedure for robust optimal scheduling of the MG under
study
As commented, the stage 1 of the developed algorithm determines the scheduling plan

from a deterministic point of view, which can be calculated by running the following
optimization problem:

udet - argmin f(E[Q]) (39)

w,u
Subject to (11)-(37)

As seen, the problem (39) seeks to minimize the operational cost assuming expected
profiles of the uncertain parameters, while conventional control signals such as

commitment status and power set-points are the variables of the problem.



541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

The second stage receives information calculated in the first step, and determines the
most favorable/unfavorable values of the uncertain parameters. This way, the stage 2
takes the uncertain parameters as variables, which are modelled as interval numbers
following the notation described in Section 3.1. In this case, limits of each uncertain
variable are determined by the predicted intervals and the introduced uncertain level, as
expressed in (40).

E[a,] — ¢ - [a.]* < [a;] < E[a,] +¢ - [a]"; VtET Aa € Q (40)

As seen in (40), the uncertain level determines the degree in which the predicted
intervals are considered in the optimization problem. Thus, if £ = 1, the entire interval is
considered. In this case, the operator assumes a high degree of uncertainty. Otherwise,
the problem becomes deterministic if £ = 0. The most typical solution consists on fixing
& € (0,1), which supposes that a certain degree of uncertainty is assumed.

The stage 2 can be solved under pessimistic or optimistic perspectives. In the former
case, it is assumed that uncertain variables have a negative impact on the objective
function, which is mathematically represented by the following optimization problem:

QU - argmax f(udet, [Q]) (41a)

Subject to (11)-(37), (40)

Indeed, the most unfavourable value of the uncertain parameters is attained when the
objective function is maximized, as said the problem (41a). At this stage, the commitment
plan calculated at stage 1 is assumed fixed, being only possible to control some
continuous signals like power set-points of shiftable consumers. In this manner, the
pessimistic uncertain conditions are calculated for a given commitment plan. In contrast,
if the MG is operated under an optimistic point of view, the uncertain variables positively
impacts on the objective function, thus minimizing the operational cost as said the

problem (41b).
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Q"¢ - argmin f(ud, [Q]) (41b)

Subject to (11)-(37), (40)

Finally, the stage 3 seeks the scheduling plan which minimizes the operational cost
under favorable/unfavorable uncertain profiles. In this way, this stage adjusts the
scheduling plan according to the value of uncertainties calculated in the stage 2, which is
stated in the following optimization problem:

u4et > argmin £ (QU"°) (42)
w,u

5 - Case study

This section presents a case study to validate the developed Mixed-Integer-Linear-
Logical programming model for scheduling of isolated MGs, and the iterative solution
procedure for robust optimization. To this purpose, the benchmark MG depicted in Fig.
1 has been considered, for which the mathematical model developed in Section 3 is used.
The developed optimization model is coded in Matlab R2019a and is solved using Gurobi
[56]. All the simulations are performed using an Intel® CoreTM i5-9400F, 2.90 GHz,
8.00 GB RAM, personal computer.

In order to compare the computational burden of the developed methodology with
other similar approaches, the optimization model described in Section 3 was run for a
variety of scenarios under stochastic programming. To this end, the methodology
described in [49] was used to create (and posteriorly reduced to a set of representative
profiles) the scenario-space for the uncertain parameters. Although the results obtained
with both methodologies cannot be directly compared since stochastic programming does
not look for extreme values of uncertainties, a comparison of the computational times
give an idea about the computational performance of both techniques. In this sense, the
developed procedure took approximately 3-5 minutes to be completed, which improved

by 15-25% the performance of the stochastic approach. These results are due to under
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stochastic programming all the variables are bi-dimensional (no. of scenarios X time
horizon), resulting in a very high computational cost. In addition, the observed runtimes
are considered acceptable for scheduling tools, which are performed over day-ahead time
horizons.
5.1 - Input data

The scheduling plan of the MG is performed over a 24 hours horizon with 30 minutes
time resolution. Fig. 6 plots the weather and demand forecasts with their associated
predicted interval. The weather information is extracted from [57], and correspond with
the values observed at Virgin Islands (U.S.) on May 3, 2016; whereas the demand profile
is built scaling down the consumption at La Palma Island (Spain) on May 3, 2016 [58].
Three sheddable consumers are considered whose forecast demand and predicted
intervals are plotted in Fig. 7. Penalty costs for these consumers are established in 550,
700 and 900 $/h for each consumer, respectively. The cost of non-served load is fixed at
100 $/kWh in order to avoid unserved energy, while the data of shiftable consumers are
collected in Table 2. Lastly, Tables 3-8 report the parameters of DEG, PV array, WG

units, EZ, FC and HSS, respectively.

=
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Figure 6 - Forecast profiles and predicted intervals of uncertain parameters
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610 Figure 7 - Expected demand of sheddable consumers and associated confidence intervals
611 Table 2 - Data of shiftable consumers
Parameter Consumer 1 Consumer 2
e (kwh) 900 700
p (kW) 100 100
v ($/kWh) 6.10 6.10
612 Table 3 - Data of DEG [49, 53]
Parameter Value
p,p (KW) 750, 50
RU, RD (kW) 200, 200
T (h) 30,000
K ($/kW) 340
W1, Wy, W3 ($/h, $/kWh, $/kWh2) 0.6, 0.05, 0.02
613 Table 4 - Data of PV units [48]
Parameter Value
p (kW) 350
n 0.167
u ($/kWh) 0.14
614 Table 5 - Data of WG units [48]
Parameter Value
p (kW) 300
y, v,y (m/s) 2,11, 21
a, B KW-(m/s)3, - 0.2268, 0.006
n 0.88
u ($/kWh) 0.19
615

616



617 Table 6 - Data of EZ [54, 59]

Parameter Value
p,p (KW) 400, 25
RU, RD (kW) 300, 300
n 0.65
T (h) 10,000
K ($/kW) 8.50
v ($) 0.15
u ($/kWh) 0.03
618 Table 7 - Data of HSS [19]
Parameter Value
v (md) 25
g, g (bar) 13.8,2
6 (K) 313
619 Table 8 - Data of FC [53, 59]
Parameter Value
p,p (kW) 400, 25
RU, RD (kW) 300, 300
n 0.77
T (h) 10,000
K ($/kW) 32
v ($) 0.02
u ($/kWh) 0.03
620 5.2 - Results
621 Fig. 8 plots the value of the objective function for different uncertain levels. As seen,

622  the operation cost decreases when the uncertain level grows under a pessimistic point of
623  view, while the opposite trend is observed under an optimistic strategy. This result is logic
624  since under a pessimistic perspective it is assumed that the uncertain parameters have a
625  negative impact on the objective function. Hence, if the uncertain level grows, it is
626  expected that the operation cost grows as well, while the contrary behavior can be equally

627  deduced under an optimistic point of view.
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629 Figure 8 - Total MG operation cost for different uncertain levels
630 Similar behavior can be deduced for other variables. For example, let us focus on the

631  behavior of flexible demand. Fig. 9 shows the total hours that sheddable consumers were
632  necessarily disconnected from the system, as seen, this result grows with the uncertain
633  level under a pessimistic strategy while the opposite trend is observed under an optimistic
634  point of view. The same conclusions can be extracted for the shiftable demands, as
635 observed in Fig. 10 where the total non-served energy (%) is plotted for different
636  uncertain levels. In this case, energy requirements of these users are expected to be totally
637  satisfied in the deterministic case and under an optimistic strategy, however, unserved

638  energy may grow by ~90% under a pessimistic point of view.
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640 Figure 9 - Total disconnected hours of sheddable consumers for different uncertain levels under
641 pessimistic (top) and optimistic (bottom) strategies
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643 Figure 10 - Total unserved energy hours of shiftable consumers for different uncertain levels
644  under a pessimistic strategy (100% of energy was covered in the optimistic case for all the range
645 of uncertain levels)
646 Now, the behavior of the green hydrogen-based storage system is analyzed. Fig. 11
647  shows the total energy absorbed/produced by EZ/FC. As seen, the exploitation of the
648  storage facility decreases with the uncertain level under a pessimistic perspective, while
649 the opposite behavior is observed with optimistic strategies. The responsible of these
650  results is the surplus renewable energy. As observed in Fig. 12 where total surplus
651 renewable energy is plotted for various uncertain levels, the excess of renewable
652  generation drastically decreases with the degree of uncertainty under a pessimistic point
653  of view, which hinders the exploitation of the storage facility. This last aspect is better
654  appreciated in Fig. 13, where the state of pressure of the HSS is plotted for different
655 uncertain levels under pessimistic strategy. It can be noted that the storage facility is
656  progressively less exploited as the uncertain level grows.
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658 Figure 11 - Total energy absorbed/produced by EZ/FC for different uncertain levels
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Figure 13 - State of pressure of the HSS for different uncertain levels under a pessimistic
perspective

Finally, we analyze how the uncertain level affects the dependency of fossil fuels (i.e.
backup generation. Fig. 14 analyses this aspect showing the total working hours and
energy generated by the DEG for different uncertain levels. As expected, dependency of
the backup generation grows with the uncertain level if a pessimistic strategy is assumed,
while the opposite trend is manifested under an optimistic perspective. Nevertheless, total
disconnection of DEG is not possible any case, due to negative surplus renewable energy

has to be inevitably covered by the backup generator.
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6 - Conclusions

This paper has presented a novel optimal scheduling model for isolated MGs,
encompassing a green hydrogen-based storage system and demand response programs.
In the developed tool, green hydrogen generation is modelled by logical rules, which are
incorporated into the Mixed-Integer-Linear programming optimization model using
Mixed-Integer-Logical formulation. Since the green hydrogen production is explicitly
modelled, it is ensured that totally of the hydrogen generated is green, which may result
vital to address certain governmental initiatives. Uncertainties in renewable generation
and local demand are handled by an original interval formulation and iterative solution
procedure. The proposal allows to perform the scheduling plan from pessimistic and
optimistic perspectives, being therefore adaptable to different operational strategies
adopted by the operator.

Extensive simulations have been performed on a benchmark MG model. Preliminary
experiments revealed that the developed optimization model is fully competitive with
other standard approaches like stochastic programming. In fact, substantial computational
savings were observed, thus validating the developed tool for day-ahead scheduling

applications. Numerical experiments allowed to analyze how the different scheduling
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strategies (pessimistic or optimistic) impact on different operating aspects. For example,
it has been observed a decreasing exploitation of the hydrogen storage facility for
increasing uncertain levels in pessimistic environments, while the dependency of backup
generation and total operation cost increases. The degree of uncertainty also affects
consumers subjected to DR programs, which are generally less covered as the uncertain
grows. In general, the opposite trend was observed in the different results when the system
is operated under an optimistic point of view. This way, the results revealed the
effectiveness of the new proposal to handle with uncertainties in hydrogen-based MGs,
highlighting its practical implications in industry tools. The developed model is modular
enough to be easily applied to other systems. In addition, its particular versatile structure
allows to incorporate real-time control modules, thus providing a totally usefulness tools
for MG operators.

In the future, we will study the applicability of the new proposal in multi-energy hubs,
home energy management tools and electric vehicle recharging stations.
Appendix A - Linearization of products of continuous and integer variables

Let us consider k integer variables §;, Vi € {1,2, ..., k} and a continuous variable x,
then the product of the integer variables by the continuous one can be replaced by the
linear dummy variable z = x - §; - 8, - ...* &, by imposing the constraints (Al) and (A2)
[49].

x—YEMM-(1-8)}<z<x+ XK M- (1-6)} (A1)
—-M - 61’ <z<M- 51'; Vi € {1,2, ,k} (AZ)

Appendix B - Linearization of quadratic and cubic terms

To linearize quadratic and cubic terms, we use an efficient piecewise representation
of the nonlinear function (e.g. see [52]). Let us denote the nonlinear function ¥ of which
its limits are known. Then, the range of the concerned function is divided into n points,

so that its piecewise representation is given by:



716

717

718

719

720

721
722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738
739
740

Y= (X, p&E)sVvie{l2, .., n} (B1)
Wherever the nonlinear term appears in the problem, it can be replaced by the dummy

variable z, which is calculated as:

z =206 - (K; - x + L)} (B2)

where § is a binary SOS1 [51], and K, L are respectively calculated, as follows:

K, = % Vi €{2,3,..,n} (B3)
i—Ai-1
Li = 1/)(551) — Ki . fl, Vi € {2;3; rn} (B4)

By declaring § as a SOS1, one ensures that only one segment of (B1) is activated at
once. Finally, the constraint in (B5) links § with the set of points X.
SN XY < x S XIEHGi-, %) (B5)
The products of integer and continuous variables that appear in (B1) can be linearized
following the strategy described in Appendix A.
Appendix C - Linearization of bi-linear terms
To linearize bi-linear terms, we use one of the advanced piecewise representations
developed in [51]. More precisely, we use the formulation denoted as ‘nf4l’ in this
reference, because its good trade-off between computational burden and accuracy. Let us
consider the product of the continuous variables x and y, which will be replaced in the
model by the dummy variable z. Let use declare the integer set § as a SOS1 and the grid-
point partitioning of the domain of x, as follows:
x =~ (%) Vie{01,..,n} (C1)
Thereby, the variable x is approximated by its piecewise representation, which is
constructed by introducing the continuous variable Ax and the constraints (C2)-(C4):
m; =X —%,_;; Vi€ {0,1,...,n} (C2)

x = NIEMS Xy + A%} (C3)
0< Afl < m; - 51'; Vi € {0,1, ...,Tl} (C4)
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Similarly, the variable y can be represented by the limits of its domain and the
continuous variable Ay, which represents the deviation of the continuous variable from

its lower bound. This model is implemented with the constraints (C5) and (C6).

y =y + XiZHAy) (C5)
0<ay <(¥-y) 6; Vie(0L,..,n} (C6)

Finally, the variable z can be effectively calculated with (C7) by linking the
representations of the variables x and y above, for which, the continuous variable Az has

to be declared, whose bounds are given in (C8)-(C10).

z=y x+ LA - Dy} + Az (C7)
Az > RiTHm; - Ay} + (Y- y) - BiTHA% —m; - 6} (C8)
az < (y-y)- SiEnAz) (C9)
Az < Zéz?{mi - 6;} (C10)
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