This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

earning-Based Coordinated
Operation of Multiple
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J. Jay Liu™, Mohammad S. Javadi in a distribution network considering the uncertainties of wind
and Jodo P.S. Cataldo and solar power generation as well as load demands. The model

is based upon a bilevel stochastic programming problem. On
the upper level, the distribution system is the leader with a
profit-maximization goal, and the microgrids are followers with
cost-minimization goals on the lower level. The problem is
solved by transforming the model to a single-level model using
Karush-Kuhn-Tucker (KKT) conditions and linearized using
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stochastic problems. Moreover, the scenarios associated
with uncertain variables are obtained from a real data set.
After preparing the data set, scenarios are reduced using
a machine learning-based clustering approach. An appli-
cation of the coordinated operation model is developed
for a distribution network containing several microgrids.
By solving the problem, the optimal amount of power
exchange and the clearing price between microgrids
and distribution systems are determined. Moreover, the
proposed bilevel model made 13% more profit for the
distribution system than the centralized model. Also, the
effects of integrating hydrogen systems with microgrids
on increasing the flexibility of operators are investigated.

Introduction

Background and Aim

Microgrids are defined as a set of dispersed energy sources
within a distribution network to meet the load demand.
From the perspective of the distribution system operator
(DSO), a microgrid can perform as a consumer or producer
(i.e., a prosumer) that operates in grid-connected and island-
ing modes [1] (see “Nomenclature”).

The usual sources of microgrids are renewable energy
sources (RES), storages, microturbines, and diesel gen-
erators. In microgrids, energy demands are met with
fossil-based electricity unless there is a sustainable source
available. Due to this, the energy demand is primarily met
by nonrenewable resources, resulting in significant carbon
emissions. In the past few years, environmental concerns
have arisen due to increased electricity generation by
fossil-fueled power plants rather than RES utilization [2].

However, RESs also contribute to microgrids, but they
do not compete well enough with fossil fuels because
of their high capital costs and volatile nature. Hydrogen,
because of its high gravimetric energy density, is becom-
ing increasingly important as a prospective alternative for
power generation, gaining vital importance as a potential
candidate for energy and power production [3], [4].

Recently, one of the best ways to improve the envi-
ronment has been the use of hydrogen-based green
microgrids. To phase out fossil fuels and limit global
warming, hydrogen-based microgrids are expected to
be the future, utilizing hydrogen to power components
(H2P), power to hydrogen components (P2H), hydrogen-
based electric vehicles, and hydrogen storage [5]. On the

Indices and acronyms:

i microgrids, i = 1,2, ...,/

s scenarios,s= 1,2,...,S

t time periods, t=1,2,...,T
DG distributed generation
DISCO distribution system company
DSO distribution system operator
H2P hydrogen to power

HS hydrogen storage

LC load Curtailment

max/min  upper/lower limits

MG microgrid

MGO microgrid operator

PV photovoltaic units

P2H power to hydrogen

wt wind turbine

At time interval

Variables and parameters:

Pjre: purchased power of microgrid i from
distribution system at time t and scenario s
(MW)

PBa purchased power by DSO from wholesale
market at time t and scenario s (MW)

Pi¢, load curtailment of microgrid i at time t and
scenario s (MW)

P55, power generation of DG in microgrid i at time t
and scenario s (MW)

Pisn; consumed power of electrolyzers in microgrid i
at time t and scenario s (MW)

Pise generated power of fuel cells in microgrid i at
time t and scenario s (MW)

i, cleared power price between microgrid i and
DSO at time t and scenario s (US$/MWh)

SOH}* state of hydrogen in storage tanks of microgrid i
at time t and scenario s (kg)

u axillary binary variables for the Karush-Kuhn-
Tucker approach

U A Lagrange multipliers

nt conversion coefficient of P2H in electrolyzer of
microgrid i

b efficiency of electrolyzer of microgrid i

nEe efficiency of fuel cell of microgrid i

LHV lower heating value of hydrogen (MWh/kg)

[1es electrical demand of microgrid i at time t and
scenario s (MW)

M A large positive constant

P, wind turbines’ output power in microgrid i at
time t and scenario s (MW)

Py, photovoltaic systems’ output power in microgrid
i at time t and scenario s (MW)

ZTha purchased power price at time t (US$/MWh)

7DG; marginal power price of DG in microgrid i
(US$/MWh)

Ps probability of scenario s

VoLL;i value of loss of load of microgrid i (US$/MWh)
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other hand, operation planning of power grids is compli-
cated when it comes to uncertainties related to the volatil-
ity and limited predictability of solar radiation and wind
speed as well as load demands.

Moreover, the decision making between the active
distribution system and hydrogen-based microgrids are
hierarchical. In contrast to passive distribution systems,
the operation problems in this active distribution system
are more complex. In this regard, the DSO and microgrid
operators (MGOs) need to work together to optimize
their respective objectives independently and simulta-
neously. Therefore, the operation model of microgrids
within a distribution system is a collaborative optimiza-
tion problem.

To deal with the aforementioned complexity, the main
goal of this study is to develop a framework for coordi-
nated operation scheduling of multiple microgrids within
a distribution system considering system uncertainties.
Hence, a bilevel problem formulation is required to define
the hierarchical model of the distribution system and
microgrids.

Literature Review

Recent studies have suggested that green hydrogen-
based networks are among the most effective methods to
improve the flexibility and reliability of power systems [0]
as dependence on fossil fuels can be eliminated and glob-
al warming can be limited through the use of renewable-
powered hydrogen systems [5].

A water electrolysis process in electrolyzers can pro-
duce green hydrogen from RESs. By using this energy-
conversion path, RESs can more likely be integrated into
energy systems. Also, this technique can be used as a
long-term storage solution to manage demand variability
from intermittent energy sources and RESs [7].

In [8], the effects of flexible storage, ramping capabil-
ity of thermal generators, operating reserve, time indices,
and capacity of transmission lines were evaluated based
on the frequency of solar curtailments without consider-
ing hydrogen systems. The authors of [9] assessed the
effects of data centers on mitigating RES curtailments and
greenhouse emissions. The practicability of implementing
hydrogen-based energy storage and battery technologies
was examined using commercial Hybrid Optimization of
Multiple Energy Resources (HOMER) software in [10].

Also, an optimal supply-chain planning of an off-grid
hydrogen network, including a wind-battery coupling
system, was presented in [11]. It considered the uncertain-
ties of hydrogen demand and wind speed. The aforemen-
tioned studies did not consider the cooperative operation
between the entities and developed a centralized optimi-
zation approach.

Some studies have ignored the hierarchical and col-
laborative nature of decision making when planning the
operation of microgrids [12] and multiple-carrier energy
systems [13], [14]. In contrast, several studies have focused
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on bilevel operation modeling of energy systems [15],
virtual power plants [16], and microgrids [17], [18]. How-
ever, only a few studies have investigated hydrogen-based
microgrids in distribution grids. In bilevel problems,
capturing the uncertainty is a challenge. The authors of
[19] propose a bilevel scenario-based operation planning
problem considering the uncertainties of demand, pool
prices, and rival retail prices.

According to [20], networked microgrids can be sched-
uled on a bilevel basis by implementing a two-stage
stochastic model. In the first stage, the output power of
nondispatchable units is determined, whereas the outputs
of units are set in the second stage based on the realized
scenarios. Using conditional value at risk, the authors of
[21] addressed the decision maker’s risk-aversion level
and created a data-driven bilevel programming problem.
However, generating and reducing scenarios in stochastic
modeling is a significant problem.

Most of the power system optimization problems con-
tain a large number of scenarios representing the uncer-
tainties of stochastic variables. These problems are
approximated with a selected number of reduced scenarios
because of time limitations and computational intensity. In
this regard, [22] implements a backward method to reduce
the dimension of scenarios set in a stochastic microgrid
operation problem. The authors of [23] propose risk-based
stochastic scheduling of reserve and energy considering the
scenario tree construction and reduction discussed in [24].

Recently, clustering-based machine learning algo-
rithms have been used in studies. In [25], k-means clus-
tering is implemented in multimicrogrids planning with
renewables’ uncertainty. Moreover, [26] presents an unsu-
pervised clustering method for scenario reduction in sto-
chastic optimization of renewable energy plants. Finally,
Table 1 summarizes the differences between the current
work and previous studies.

Contributions and Article Organization
To overcome the research gap, this study uses a bilevel
stochastic model to evaluate the operation scheduling of
microgrids based on hydrogen energy while taking the
uncertainties of demand, solar, and wind power into con-
sideration. The innovative contributions of this article are
as follows:

e This article proposes a novel mathematical model for
bilevel stochastic short-term planning of microgrids
within distribution systems. In contrast to the earlier
studies such as [19] and [20], both upper- and lower-
level problems are formulated as a scenario-based sto-
chastic model.

e A set of realistic scenarios for load demand, wind,
and solar power has been incorporated for stochastic
problem modeling. Then, a data-driven approach is
carried out to reduce the number of initial scenarios
to the most accurate and probable scenarios using the
k-means clustering method.
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Tahle 1. Comparison of relevant studies and this article

Power Multiple Hydrogen Linearized Scenario-Reduction
Reference  Market  Microgrid System Model Technique Problem Type
[12] X v X v N/A Deterministic MILP
[13] X X X v N/A Robust optimization
[14] X X X v Backward Risk averse
[16] v v X v N/A Chance bilevel
[22] X X X v Backward Risk averse
[27] v v X v Forward Risk-based bilevel
[28] v v v v Forward Stochastic bilevel
[29] X X v X N/A Deterministic MILP
This article 4 v v 4 Machine learning Stochastic bilevel

N/A: not applicable.

e In comparison to other previ-
ous studies such as [27] and [30],
microgrids use more resources, like

hydrogen systems with electrolyz-
ers, fuel cells, and hydrogen storage
systems, as during the DSO opera-
tion, the MGO should be able to

Upper Level

Distribution System

Objective Function

Maximization of DSO Profit

Decisions

1) Power Purchased From Day-Ahead Market
2) Price of Exchange Power

participate with greater flexibility.
A preliminary study was present-

ed in [28], which significantly differs

from this one in terms of machine Follower

Exchange Power

learning-based scenario preparation
and reduction. Also, the uncertainty

modeling in the bilevel problem mod-

eling was changed, several new case
studies have been defined, and new
observations have been obtained. The
other sections of this article are listed
here. The “Proposed Bilevel Problem
And formulation” section describes the bilevel problem
formulation. Uncertainty modeling is determined in the
“Uncertainty Modeling” section. The “Solution Methodol-
ogy” section investigates the solution methodology. The
“Case Study and Description of Test System” section pro-
vides the case study and the description of the test system.
Results and sensitivity analysis are provided in the “Results
and Discussion” section. Finally, the “Conclusion” section
concludes the article.

Proposed Bilevel Problem and Formulation

In this study, it is assumed that the microgrids and the
distribution systems have different owners. So, the goal of
this model is to maximize the DSO’s profit through bilevel
programming, whereas microgrids minimize the operat-
ing costs to serve their loads. This model is presented in
Figure 1.
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Lower Level

Objective Function

Power Price

Decisions

1) Procured Power From Distribution System
2) Power Dispatch

3) DGs and Fuel Cells Produced Power

4) Consumed Power in Electrolyzers

5) Planning of Hydrogen Tanks

6) Curtailment of Loads

FIGURE 1. A framework of the proposed bilevel stochastic problem.

Microgrid power prices and power purchased from
the day-ahead market are decision variables at the upper
level that determine the distribution system’s profit. In
the wholesale electricity market, the distribution system
is assumed to be a price taker that cannot affect the day-
ahead prices. The lower levels are assigned to MGOs
and represent the amounts of power exchanged with the
distribution system, the produced power from distributed
generation, and the load curtailments. Hydrogen systems,
including electrolyzers, fuel cells, and hydrogen tanks,
are also scheduled. The framework involves coordination
of the operation of multiple microgrids within a distribu-
tion network to satisfy the goals of both entities. In this
regard, microgrids and distribution systems will exchange
power at a cleared price and amount. The objectives of
both levels are determined in the following.
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Upper Level: Operation Model of the DSO

The stochastic operation model of the DSO within the
upper level is determined in this section. The objec-
tive function in (1) defines the upper-level problem
with the constraints in (2)-(4). The first term in (1) is
the revenue from the microgrids’ sale of power, and
the second term is the cost of purchasing power from
the wholesale power market for each scenario. The
microgrid’s power prices are kept within a reasonable
range by (2). According to (3), the DSO is limited in
the amount of power purchased on the day-ahead mar-
ket. Also, (4) ensures the balance between bought and
sold power.

Maximize Profit:
S I d l,S Ls 0,S
ps D > > {Pic, - Whic, — P - hat At 6h)
s=1 t=1i=1
0 < 7y, < TS @)
0< Py, < PBy ©)]
1

2 Piic, < Phy. @
i=1

Lower Level: Operation Model of the MGO

The operation model of the MGO within the lower
level is determined in this section. As shown in (5), the
lower-level problem has a cost-minimization objective
function.

The expected cost of purchasing power from the DSO
is shown in the first term of (5). The expected cost of the
obtained power from the distributed generations (DGs)
and the loads’ curtailments are indicated in the second
and third terms, respectively. Constraint (6) describes the
allowable power exchange between microgrids and the
distribution system.

The generation limits of DGs are guaranteed in (7).
Equation (8) ensures the permissible amount of electrical
load curtailment. The power balance at each microgrid
is defined in (9). The constraints of (10)-(12) define the
hydrogen storage tanks’ limitations. In (10), the hydro-
gen balance is described. In (11), the state of hydrogen
in storage tanks is limited, and (12) maintains the same
level of hydrogen in tanks at the start and the end of
the scheduling period. In (10), the conversion coef-
ficients of electrolyzers and fuel cell units are defined
as ni* =" /LHV, where ni"/*® and LHV are the
efficiency of electrolyzers or fuel cells, and lower heat-
ing value of hydrogen, respectively [29]. In (9) and (10),
if the value of Pjy, is obtained positive, that means the
electrolyzers are utilized, and if the value found nega-
tive, that implies that fuel cells are used in the operation
scheduling. Equation (13) limits the amount of gener-
ated power and hydrogen in electrolyzers and fuel cells,
respectively. In (6)-(13), 4 and A are Lagrange multipliers
that will be used in the following for the problem solu-
tion methodology.
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Minimize Cost:

S
pszl

(P, - T, + P, . pe: + PLe, . VOLLY At (5)
1

M~

I

t

1

§ ,y : Ls 1,
— PE < Pic, < PRE : 155,41 ©
. Ls : [
PG, < Ppo, < PB&; « 1141, 45 @
1,5 v ls t,
0= Pie, < PR pi 1S ®)

Pluc, + Pbs, — Piam, + Pior, + Piv, = Li° — Pi, ©

: A5 unrestricted

SOH?* =SOH; " + ni*! - Py, : A5 unrestricted  (10)

SOH"™ < SOH}* < SOH™: u&%, 145 an
SOH;* =SOH!": %% unrestricted (12)
— P, < Poy, < PBc 10,0, 13- (13)

Uncertainty Modeling

MGOs face several uncertainties during the scheduling
process. A scenario-based stochastic problem is defined
in this study where the power generation from wind and
solar energy, as well as loads, are considered uncertain
parameters. The following sections provide an overview
of scenario preparation and reduction techniques.

Scenario Preparation

To model the uncertainties, the real daily data of wind
and solar power generation as well as load demand
of California independent system operator (CAISO) in
2019-2020 have been utilized [31]. The data are sorted for
1-h intervals to maintain consistency because they were at
different minute intervals.

Scenario Reduction With Machine Learning

A vector of scenarios is obtained for each uncertain vari-
able, such as solar, wind, and load. The vector consists
of 730 daily scenarios for all variables that are prepared
for the operation analysis. However, the computation
time of stochastic problems is highly dependent on the
number of scenarios. Therefore, an efficient scenario-
reduction algorithm is needed for reducing the size of
the data set to make the problem tractable for real-world
applications considering the stochasticity of the relevant
variables.

In our previous study (28], the scenario generation and
reduction tool with the forward method in general alge-
braic modeling system (GAMS) software [32] was used to
shrink the set of initial scenarios. However, in this study,
one of the most efficient unsupervised clustering methods
is implemented for reducing the scenarios’ dimension,
known as the k-means clustering algorithm.

An unsupervised k-means algorithm categorizes a mas-
sive number of scenarios into clusters where scenarios are
similar in some manner in each group. In fact, the sce-
narios of each cluster have some similar features. For this
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clustering algorithm, the centroid is defined, which is the
center of the cluster.

Initially, the number of clusters or centroids is defined
in the algorithm. The data set Z ={z1,22,23,...,2i,..., 2k}
is given to the k-means model. z; € R" indicates data
with the dimension of 7, which is equal to 24. The algo-
rithm classifies k& scenarios to m different classes, speci-
fied with c.

In each class, the cluster center 9, is used in squared
Euclidean distance as the similarity criteria. This criterion
measures the distance between the centroid and the sce-
nario of a cluster [33]. The mathematical representation of
the Euclidean distance is given as (14).

Lem)= ¥ zi—anl’. a4

The main goal of the clustering is to minimize the dis-
tance in whole classes as (15).

M M k 2
l(C): ZL(Cm): Z det” Zi_amH . s)
m=1 m=1i=1
where
_ 0, zi&cCm
dmi_{l,ZieCm. a6

The clustering k-means algorithm contains the follow-
ing steps:
e defining m as the number of clusters
locating m centroids randomly
calculating the distance between centroids and samples
assigning each sample (point) to the nearest center

updating the centroid’s location to the average value of

points related to centroids

e performing sufficient iterations to minimize the Euclid-
ean distance and satisfy the set criteria.

With the aim of the proposed unsupervised learning
method, five scenarios are obtained for each uncertain
variable. The scenarios are grouped based on their label
numbers, and the probability of each vector consisting of
three combined variables (such as load, solar, and wind
powen) is calculated with the average probability.

Solution Methodology

Methods of straightforward optimization will not be able
to solve the proposed bilevel problem. So, we should
transform the problem into a linear, single-level problem.
Step one is to apply KKT-optimal conditions to replace
the lower-level MGs’ operation problem in (5)-(13). So,
as (17)-(3D), single-level mathematical programming with
equilibrium constraints (MPECs) is attained [34].

In the MPECs, constraints (17)-(21) are stationarity
conditions, (6)-(13) are the primal feasibility conditions,
and (22)-(31) are the complementary slackness condi-
tions, respectively.

T, — M+ 55— AT =0 a7

TG — M5+ fii— ATy =0 as
VOLL; — 55 + ¢’ — Ay =0 19

— U s+ A = A A - A =0 (20)
—uSs+ whs i+l As + A =0 @1
0 < (Pjie, + P&) L ui >0 22

0 =< (PN — Piic,) L 15520 23
0=<(Pps,— PBE) L 15520 24

0 <(PB& — Pps) L 15520 (25)
0< P, Luts=>0 (26)

0 < (P& - Pie) L ug; =0 @7

0 <(SOH;* —SOH™) L u%>0 (28)
0 <(SOH™ —SOH/*) L ug5>0 (29)
0<(Ppu,+ P L us=>0 (30)

0 < (P, — Ppan,) L 155,12 0. GD

Afterward, it is necessary to linearize both the objec-
tive function and constraints. The term Pyg, 7yg, in
the objective function (1) is a nonlinear expression,
which is linearized by defining an auxiliary variable
qi° = Py, T, and satisfying constraints (33)-(37) using
McCormick’s relaxation approach [35].

Moreover, constraints (22)—-(31) are nonlinear because
of the form of @ L b, which defines that the product of a
and b must be zero. So, we have a > 0,b = 0, and a.b = 0.
The Fortuny-Amat method can be used to linearize these
equations as (43)-(53) [30]. Finally, (32)-(53) demonstrate
the linear single-level objective function and constraints of
the proposed stochastic bilevel model.

S T
ps Y 2.2 g — Pha-ha) (32)
s=1 t=1i=1
subject to

qr = Piig, T + PR mhie, — PRS- s (33)
qi* < Pig, mh& (34
< PR b, (35)
0 < Pyig, < Piig (36)
0 < 7yg, < Th& (€Y))

@-@, -3
Tyic, — M1+ 13— A15 =0 (38
e — s+ Wiy — ATy =0 (39)
VOLL; — u%%+ g — At = 0 (40)
— U5 s AL = A5 =0 41)
— U85+ Ui+ AL+ AT =0 (42)
U <M-(1—uyy) vx=1,2,...,10 (43)
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Pl + P < M- ut, (44) Case Study and Description of Test System

Pl PR < M, 45) Four microgrids withir'l a distribution system are used as a
case study for evaluating the proposed day-ahead opera-

1,s min Ls
Pre, — Poc; < M- uz; (46) tion scheduling model using a bilevel problem, as shown
— Py, + PR < M- uis, 47) in Figure 2. The components of the microgrids are DGs,

Pl < M-ut 48 solar photovoltai.c systems, and wind turbine's. '

' . Moreover, Figure 3 shows how all microgrids are
—Pre,+ Pi&T S M- ug; 49 connected to the hydrogen systems. Hydrogen systems
SOH?* — SOH™ < M- u%, 50) include water electrolyzer units (i.e., P2H units), fuel cell
_ SOH! + SOHP™ < M- ut, D units (i.e., H2P units), and hydrogen storage tanks. .So,
the surplus power can be converted to hydrogen using

1, max Ls
P, + Przn, < M- ug; (52) electrolyzers and stored in hydrogen tanks. Consequent-
— Py, + PR, < M- uby . (53) ly, the stored hydrogen can be converted to power using

fuel cells when needed.

The MGO becomes more flexible
with this model because electricity can
be converted to hydrogen by electro-
lyzers in lower-price or lower-demand
hours and kept in hydrogen tanks.

Then, hydrogen can be converted

back into power using fuel cells during
hours of high demand or high price.
The electrical loads in microgrids

are served by the power sources,

including DGs, solar systems, and

MG1 MG2 MG3 MG4 wind turbines, while the distribution

Wind Turbine, DG, Wind Turbine, H, System H, System system can supply the remaining load.

and H, System Solar Panel, and and The upper range for the power
DG, and H, System Solar Panels  Wind Turbine

FIGURE 2. A model of the test microgrids and distribution system. MG: microgrid; DG:

distributed generation.

Grid
Microgrid

Fuel Cell

FIGURE 3. The integration of a hydrogen system with the microgrids. DG: distributed

generation.

Hydrogen Storage

exchange between distribution sys-
tems and microgrids is 10 MW, while
the maximum power price from the
distribution system to microgrids is
constrained to US$60/MWh.

The limitation of the distribution
system to purchase power from the
wholesale electricity market is set to
40 MW. The value of loss of load is
considered US$100/MWh, and the
share of each microgrid from the
whole system’s load is 25%.

Table 2 determines the compo-
nents of each microgrid and their
characteristics, including distribut-
ed generations, solar systems, and
wind turbines. The specifications of
the hydrogen systems are listed in
Table 3. It is considered that all the
microgrids have a hydrogen system
with the same characteristics.

Considering the uncertainties,
730 real scenarios for demands,
wind, and solar power in each peri-
od are utilized from the CAISO.
Using the k-means clustering algo-
rithm, the prepared initial scenarios
are reduced to five to decrease the
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computation time. Figure 4 illustrates the scenarios of
electrical demand, wind, and solar power. The dashed
line in Figure 4(d) is the day-ahead electricity price from
the wholesale electricity market.

Results and Discussion

The coordinated day-ahead operation model of
microgrids in the distribution system is formulated as a
mixed-integer linear programming (MILP) problem and
solved by the CPLEX solver, which runs in the GAMS
environment [37]. The results are presented considering
the following case studies:

Case 1

Coordinated optimal operation of microgrids and the dis-
tribution system using the proposed bilevel approach. In
this case, the optimal power exchange and price between

the microgrids and distribution system will be cleared. So
any change from the optimal points may result in profit
reduction or operation cost increase.

Table 2. Characteristics of resources in microgrids

?i:ee::I!ator 7oe (US$/MWh) P5¢ (MW) Ppe* (MW)
MG1 55 0 5

MG2 45 0 5

Wind turbine Pyt ateq (MW) Solar system Py, ateq (MW)
MG1 2 MG2 5

MG4 2 MG3 5

MG: microgrid.

Tahle 3. Characteristics of the hydrogen systems

Hydrogen )
System SOH;™ ™ (kg) 7" (%)
All MGs 0-100 47-68

MG: microgrid; LHV: lower heating value.
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Time (h)
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W

W
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FIGURE 4. The reduced scenarios of (a) electrical demand, (b) wind power, (c) solar power, and (d) wholesale electricity market price.

PV: photovoltaic.
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Table 4. Distribution system profit analysis

Case 1 (US$)

Scenario Number Revenue Cost

1 34,502 25,486
2 23,370 20,120
3 27,612 22,472
4 21,220 18,865
5 18,674 15,569
Expected 24,112 20,000

Tahle 5. Operation costs of the microgrids in

the scenarios

Scenario MGO Cost (US$) MGO Cost (US$)

Number Case 1 Case 2 Probability
1 34,711 31,381 0.151

2 23,381 24,786 0.173

3 27,612 27,448 0.164

4 21,220 23,341 0.317

5 18,674 19,299 0.193
Expected 24,145 24,652 —

Case 2

Centralized optimal operation of microgrids in the dis-
tribution system with a given power exchange price. In
this case, the objective function is the microgrids’ cost
minimization, and an average power price of US$50/MWh
is considered as a given power exchange price between
the microgrids and the distribution system. So, the opti-
mal operation of microgrids and the amount of power
exchange between microgrids and the distribution system
will be cleared.

The revenue, cost, and profit of the distribution system
in five scenarios and two case studies are demonstrated in
Table 4. As exposed, in case 1, the coordinated operation
provided more revenue and, therefore more profit as com-
pared to case 2. However, the results in case 2 depend
on the power exchange price between the microgrids
and the distribution system. Furthermore, it is shown
that scenario 1 makes the most amount of profit, whereas
scenario 4 makes the least. Additionally, as wholesale
market prices affect the operating costs of the distribution
system, the expected operation costs are almost similar in
both cases.

The computation time for both case studies was less
than a minute. However, the computation time for the
single-level nonlinear model was more than an hour
with different results using nonlinear solvers. The bilevel
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Case 2 (US$)

Profit Revenue Cost Profit
9,016 29,624 25,301 4,323
3,249 23,772 20,121 3,651
5,139 26,362 22,462 3,900
2,355 22,400 18,856 3,543
3,104 18,583 15,561 3,022
4,112 23,596 19,966 3,630
%10,000

% 9,000

< 8,000

7 7,000
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FIGURE 5. Operation cost of the microgrids in the scenarios.
MG: microgrid.

model consists of 19,441 equations, 14,041 single vari-
ables, and 4,800 discrete variables.

The operation costs of all microgrids in scenarios and
cases are demonstrated in Table 5. As shown, the high-
est operation cost is observed in scenario 1, and the least
occurred in scenario 5. As the expected operation cost of
the microgrids in both cases are almost equal, it can be
concluded that the proposed coordinated approach in case
1 managed to operate the system as efficiently as in case 2.

Moreover, Figure 5 demonstrates the operation costs
of each microgrid in scenarios in case 1. As displayed,
the first microgrid (i.e., MG1) has the highest opera-
tion cost, while the second microgrid (i.e., MG2) has
the lowest operation cost. This is basically because of
the type and capacity of resources in microgrids. For
example, in the second microgrid, there exists a low-
cost distributed generation as well as a high-capacity
solar photovoltaic system, which results in the lowest
operation cost.

The hourly offered power price to the microgrids
by the distribution system is shown in Figure 6. For all
hours, the cleared power prices are almost the same and
are optimally obtained as 55, 45, 60, and US$60/MWh for
MGI1, MG2, MG3, and MG4, respectively.

In MG1 and MG2, there are DGs with a marginal price
of 45 and US$55/MWh, respectively, which are desired to
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FIGURE 6. Purchased power price from the distribution system by the microgrids. MG: microgrid. (a) MG1, (b) MG2, (c) MG3, and (d) MG4.

be employed rather than buying power from the distribu-
tion system when needed. In other words, the clearing
power price between these two microgrids and the dis-
tribution system cannot be more than the DGs’ marginal
price.

Contrary to MG1 and MG2, the clearing prices for MG3
and MG4 are higher and set to US§60/MWh, which is the
highest power price within the acceptable range between the
distribution system and all microgrids. This is because MG3
and MG4 do not have any resources to feed the loads in the
high-demand hours, and their MGOs have to procure the
energy from the distribution system with the highest possible
power exchange price, which is US$60/MWh.

On the other hand, the acquired energy by DSO from
the wholesale power market in cases 1 and 2 are repre-
sented in Figure 7. As shown, the purchased power in
case 2 is less than in case 1. As in case 1, the upper-level
objective function is the DSO’s profit maximization: the
optimization procedure tries to increase the power sold to
the microgrids.

However, the second level of the problem is the
microgrids’ cost minimization, which results in the opti-
mum power exchange for both microgrids and the distri-
bution system, as shown in Figure 7.

Alternatively, in case 2, as the objective is to minimize
the operation costs of the microgrids, less power will
be procured from the DSO, resulting in less power pur-
chased from the wholesale market.

m Case 1 m Case 2

Purchased Power (MW)

1 3 5 7 9 11 13 15 17 19 21 23
Time (h)

FIGURE 7. Purchased power by the DSO from the wholesale market.

To analyze the performance of the hydrogen systems,
Figures 8 and 9 illustrate the weight of hydrogen in the
storage tanks and the amount of P2H and H2P, respec-
tively, for the first scenario in all microgrids.

As shown Figure 8, the weight of hydrogen in storage
tanks is increasing to store the produced hydrogen in low-
demand hours (i.e., hours 1-6 and 11-14) and decreasing
to withdraw the hydrogen at hours with high demand in
MGI1, MG3, and MG4. In these microgrids, at hours 19-24,
as the power demand is low, the hydrogen systems are
not utilized, and the storage tanks are empty. However, in
MG?2, the hydrogen system is incorporated by the MGO to
add more flexibility at the late hours of the day. In peak
hours, fuel cells convert the stored H2P and reduce the
state of hydrogen in storage tanks. Then again, in off-
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peak hours, electrolyzers convert the P2H and increase Figure 9. The positive values imply that power is con-
the state of hydrogen in storage tanks. verted to hydrogen in electrolyzers, and the negative val-
The amount of converted P2H using electrolyzers and ues represent that hydrogen is converted to power in the
H2P using fuel cells in the first scenario is depicted in fuel cells. As shown, for all the microgrids except MG2,
in hours 1-6 and 11-14, the elec-

trolyzers are working to produce

= = hydrogen, and in hours 7-10 and
i’ 100 f100 15-20, the fuel cells are working to
§ 80 E 80 produce power using hydrogen, and
= 60 £ 60 finally, in hours 21-24, neither the
= 40 £ 40 electrolyzers nor the fuel cells are
S 20 S 20 working. For MG2, in hours 19-24,
% 0 % 0 fuel cells are working to feed the
& 1357 911131517192123 1357 911131517192123
) : loads.
Time (h) Time (h)
@) (b) It can be understood that the
. hydrogen system enhances the flex-
2 0 .g 100 ibility of the system to manage the
i g oversupply of renewable resources.
< 80 S 80 .
K] = The hydrogen system increases the
c 60 EN P system’s reliability to feed the loads
N
e o = in case of peak hours.
S 20 © 20 .
P Qo 0 Figure 10 demonstrates the
% 0 1357 911131517192123 % 1357 911131517192123 power dispatch of the microgrids in
Time (h) Time (h) scenario 1. As presented, the pur-
(©) (d) chased power from the DSO in all

microgrids has the largest share of
FIGURE 8. The state of hydrogen (H,) in the H, tanks in the microgrids. MG: microgrid. (a) MG1,  power procurement. As the upper-

(b) MG2, (c) MG3, and (d) MG4. level objective function maximizes
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FIGURE 9. The amount of P2H in the electrolyzers and hydrogen (H,) to power in the fuel cells. MG: microgrid. (a) MG1, (b) MG2, (c) MG3, and
(d) MGA4.
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FIGURE 10. Power dispatch in the microgrids. MG: microgrid. (a) MG1, (b) MG2, (c) MG3, and (d) MG4.

the DSO profit, the optimization tried to increase the
purchased power from the distribution system. Also,
solar photovoltaic generation in MG2 and MG3, and wind
generation in MG1 and MG#4, are based on the generated
and reduced scenarios, respectively. Also, fuel cell power
generation, as well as electrolyzers power consumptions,
are almost the same in all microgrids as their scheduling
is determined by the load patterns, which are similar in
all microgrids.

Furthermore, the distributed power generation
in MG2 is committed in some high-cost hours while
it is not utilized in MG1 as the MGO decides to use
the low-price grid power instead of distributed gen-
eration’s high-cost power. Finally, no loss of load hap-
pened in all microgrids because of the high penalty
price.

Conclusion

This article proposed a novel bilevel framework in
light of the hierarchical nature of decision making and
uncertainty to solve the hydrogen-based microgrid
operation scheduling problem within the distribution
network. The framework was used to model a distri-
bution system in which multiple microgrids exist with
uncertainty in the loads, solar, and wind power. Real
hourly data of renewable power and load demand

were obtained from the CAISO and prepared for sce-
nario reduction. An unsupervised machine learning
method was adopted to reduce the initial uncertainty
scenarios set to decrease the computational complex-
ity. Based on our research, the following conclusions
can be drawn:

e The coordinated model outperformed the centralized
model. Moreover, the operation cost of microgrids was
almost the same in both models, which verified our
model’s capabilities.

e The availability of resources determines the price and
amount of power between microgrids and distribution
systems. The power price of microgrids with adequate
power resources is lower than that of microgrids with
insufficient resources.

e Hydrogen systems provided an added level of flexibili-
ty to the microgrids, which made it possible to manage
a surplus of renewable resources.

e The power dispatch in the microgrids was based on
the scenarios of uncertain variables and the marginal
power price of resources.

All in all, an ISO will be the final user of this study
to find the best price and exchange power between two
entities. This study provided a comprehensive framework
for the DSO and MGOs to cooperate while satisfying their
respective objective functions.
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