Smart Grids and Sustainable Energy (2024) 9:9
https://doi.org/10.1007/540866-023-00187-w

ORIGINAL PAPER q

Check for
updates

Risk-Based Two-Stage Stochastic Model for Optimal Scheduling
Problem of an Energy Hub in Day-Ahead and Real-Time Energy Market
for Improve Reliability

Maziyar Balali Moghadam' - Ahmad Ghaderi Shamim' - Farhad Samaei'

Received: 6 June 2023 / Accepted: 4 December 2023
© The Author(s), under exclusive licence to Springer Nature Singapore Pte Ltd. 2024

Abstract

Supplying local electrical and heat demands through the energy hub (EH) system and renewable sources such as photovol-
taic (PV) can increase the reliability system. The EH includes combined heat and power units, PV arrays, and storage units
and it can trade energy with the wholesale energy markets. The EH operator (EHO) purchases the required energy from the
day-ahead market regarding the forecasted amount of demand and the output power of PV system. Then, the EHO can trade
energy with the real-time energy markets regarding the uncertainties of PVs and real-time energy prices to minimize its total
operation cost. Although the EHO needs to determine the optimal scheduling of its resources considering the participation in
the both DA and RT energy markets, this problem is yet needs to the appropriate models. Therefore, a risk-based two-stage
stochastic optimization problem is proposed in this paper to model the decision making problem of the reliability EHO in the
DA and RT energy markets considering the uncertainties. For this purpose, the uncertainties of PV system and RT energy
prices are modeled using the two-stage stochastic approach where the risk of EHO’s decisions is managed using Tail-Value-
at-Risk (TVaR). The results show that with increasing the risk parameters, the EHO increases the purchased power from the
DA market as the first-stage decision regarding which the trading energy with RT market decreases. Therefore, an energy at
a reasonable price and with high reliability is provided to energy hub.
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Nomenclature Parameters
Indices CBL, Basic load (kW)
.. D, (w,1) Electricity load (kW)
E Electricity
F Step of the CHP part load curve Dy(w, 1) Heat load (MW)
G Natoral eas EPHEYs Minimum charge status of PHEVs (kWh)
g PHEVs Maximum charge status PHEVs (kWh)
H Heat max - al .
I input carrier (e or h) Load,; Actual consumption (kW)
P . Pl (e, 1) Heat power generated by boiler (MW)
] Output carrier (e or h) il .
. ot Maximum heat power generated by
T Time (hour) h max .
Q Total scenario boiler (kW)
. PCHP (@, 1) Electricity power generated by CHP
w Scenario ¢ W)
CHP
P b (@, 1) Heat power generated by CHP (kW)
s, Power generated by DG (kW)
P, (w,1) Maximum power generated by DG (kW)
04 Ahmad Ghaderi Shamim PrfTP Real-time pricing tariff
a.ghaderi @iauh.ac.ir Regulatedy,,;;, Standard electricity tariff
Maziyar Balali Moghadam SPG (1) Cost of DG ($/kWh)
maziyar.balali@yahoo.com a" confidence level
! Department of Electrical Engineering , Hamedan branch, B risk Coefﬁ.Cient
Islamic Azad University, Hamedan, Iran £ value at risk
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Bl Conversion efficiency of boiler to pro-
duce heat from gas

yEHP Conversion efficiency of CHP to produce
electricity

thHP Conversion efficiency of CHP to produce
heat

e Energy from PV that is stored in PHEVs
(kWh)

Y? The amount of energy stored from pur-
chasing power in the real time market

7' Storage efficiency

n(w) Variable that makes profit/cost positive ($)

A Gas price ($/m?)

AP Day-ahead energy market price ($/kWh)

A, 1) Real-time energy market price ($/kWh)

(W) Scenario probability

Variables

PZ"”(a), 1) The power produced by the boiler
(KW/m?)

P}fHP (w,1) The power generated in CHP unit
(KW/m?)

P, 1) The amount of discharged energy from
the storage units (kWh)

Pftf(t) The power generated of DG (kW)

Pf (w,1) Trading energy with day-ahead market
(kWh)

Pl(w,1) Trading energy with real-time market
(kWh)

SOCPHEYS(@,f)  Energy stored in PHEVs (kWh)

SOC(w, 1) Energy stored in electrical energy storage
(kWh)

PPHEYS (g9, 1) Power generated by PHEVs( kWh)

VP (@, 1) binary number used in CHP unit

f(x, o) objective function for the uncertain vari-
able x under the scenario ®

Introduction

Supplying the electrical and heat demand of consumers produce
the high amount of Carbon Dioxide (CO,) in the world. One of
the main solutions to decrease this problem is meeting the local
electrical and heat energy demands through the concept of energy
hubs (EHs). In EHs, there are various energy resources such as
combined heat and power (CHP) units, energy storages, and pho-
tovoltaic (PV) systems regarding which the EH operator (EHO)
decides to supply demand. Moreover, the EHO participates in the
wholesale energy markets to purchase its required energy. The
EHO purchases energy from the day-ahead (DA) market regard-
ing the forecasted parameters such as demand and output power
of PV system. In the real-time (RT) operation regarding the
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uncertainty of PV system, the EHO may decide to trade energy
with the RT market to minimize its total operation cost. There-
fore, the aim of this paper is to propose a new decision making
problem for the EHOs in the both DA and RT energy markets
considering the uncertainties of PV system and RT energy prices.

Literature Review and Contribution
Literature Review

The optimal scheduling problem of the energy hubs is investi-
gated in many studies. The operation problem of an energy hub
system consisting of various carriers, i.e. electrical, heat, gas,
and water, is modeled as a multi-objective function in (Dorahaki
and Moghbeli 2020) [1]. In this problem, the demand response
programs and electrical energy storages are employed by the
system operator to increase the flexibility of the system. The
day-ahead scheduling problem of the electricity and natural gas
networks in the presence of energy hubs is modeled as a two-
stage problem in [2]. In the first-stage, the day-ahead schedul-
ing problem of each energy hub is solved regarding which the
optimal scheduling of electricity and gas networks is determined
by the independent system operator (ISO) in the next stage. The
optimal scheduling problem of an energy hub system including
electrical energy storage, photovoltaic arrays, combined cool-
ing heating and power (CCHP) system, and electric vehicles
is done in (Hou and Wang 2020) [3]. The problem is modeled
as a stochastic model with the aim of minimizing the operation
cost of the system in a rolling horizon fashion where the uncer-
tainties is managed using a chance constrained programming
approach. The authors of (Faraji and Ketabi, 2020) [4] propose a
new stochastic optimization method to model the optimal sched-
uling of the energy hubs considering the N-1 contingency. A
multi-objective optimization approach is developed in (Miao
and Jermsittiparsert 2021) to model the operation problem of
energy hub to minimize the operation cost and pollution emis-
sion considering demand response programs [5]. The authors of
[6] proposed a mathematical model for the day-ahead operation
problem of an energy hub system with the aim of minimizing
the operation and the emission pollution costs. The scheduling
problem of an energy hub system is modeled as a probabilistic
scenario-based model in [7] considering the uncertainties of
renewable energy sources and electricity market price. In this
study (Lu and Feng 2020), an optimal load dispatch model is
proposed for a community energy hub system to minimize the
operation cost of the system. In this model, the uncertainties of
electric vehicles are modeled through the Monte Carlo simu-
lation approach and also the uncertainties of electrical energy
price are modeled using a robust optimization approach. The
day-ahead scheduling problem of an energy hub system is mod-
eled as a scenario-based stochastic model in (Dini and Lehtonen
2019) considering the uncertainties on load, energy market
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price, renewable energy sources, and electric vehicles [8]. The
operation problem of a renewable energy-based energy hub sys-
tem is formulated as a multi-objective problem in (Eladl and
Saadawi 2020) with the aim maximizing the social welfare and
minimizing Carbon Dioxide (CO,) emission [9]. The authors of
(Chamandoust and Bahramara 2019) proposed a multi-objective
optimization problem of an energy hub system to minimize the
operation cost, the pollution emission, and the deviation of the
electrical load profile from its desired value. Moreover, the shift-
able load strategy is employed by the system operator to shift the
load regarding the market energy price [10].

Contribution

Reviewing the previous studies on the reliability of energy
hub systems reveals that the optimal scheduling problem of
the reliability in energy hub systems considering the both
day-ahead and real-time energy markets is not investigated.
Since the optimal scheduling of reliability in energy hub’s
resources considering the participation of the energy hubs in
these market is a great challenge for these systems, absence
of the appropriate decision making models is a major
research gap. Therefore, in this paper, a new two-stage sto-
chastic optimization model is proposed for the reliability
in energy hub systems for the optimal scheduling of their
resources considering the day-ahead and real-time energy
markets. For this purpose, the uncertainties of photovoltaic
system and real-time energy price are modeled through a
two-stage stochastic optimization model. In this model,
the decision of the energy hub in the day-ahead market is
considered as the first-stage decision and its decisions in
real-time market and the optimal scheduling of reliability
resources are considered as the second-stage decisions.
Moreover, the risk of the energy hub’s decisions is managed
through the Tail Value at Risk (TVaR) approach. Therefore,
the main contributions of this paper are as follows:

e Modeling the decision making problem of an energy hub
in the day-ahead and real-time energy markets as a risk-
based two-stage stochastic optimization approach to flex-
ible Reliability.

e Managing the risk of energy hub’s decisions in the day-
ahead and real-time energy markets through the TVaR
approach.

Paper Organization
The rest of this paper is organized as follows. The mathematical

model of the problem is presented in Section 2. Numerical results
are given in Section 3 and the conclusions are done in Section 4.

System Model
Modeling of the Electricity Market

The energy market players including generation companies
(Gencos), large consumers, and retailers participate in the
different markets to trade energy with each other (Rahmatian
and Ghaderi Shamim 2021). The offers of producers and the
bids of consumers are sent to the market operator regarding
which the energy markets are cleared. The output of the
markets is the energy market prices and the amount of power
trading among the players. Some of the energy market play-
ers such as the energy hubs with low capacity participate in
the different markets as the price-taker players. It means that
they cannot change the market results and they accept the
energy price of the markets. The energy hubs can participate
in the day-ahead and real-time energy markets to purchase
their required energy [11].

Cl(w,1) = PP(0,0) A" (w,1) (1)

T
CRTP (o,1) = Z;:l CBL, * Regulatedq,z,

@

+ ZLI (Loadfm‘“] - CBL,) % PrRTF

Risk Measure

Since there are several scenarios in the stochastic optimiza-
tion approach, the objective functions may have different
values. To better analysis the output results, the expected
value is considered for the objective function. Moreover,
to manage the difference between the expected value and
the amount of objective function in each scenario, the risk
measure approaches are employed. For this purpose, in
this paper, a combination of two measures called VaR
and TVaR is used (see Fig. 1). The VaR is formulated as
follows:

VaR (a,x) = max { & : P(w|f(x,w) > &) <1 —a),Va € (0,1)
(3)

The equation of profit maximization with T Var is obtained
as follows:

TVaR = maxé - —— ¥°  x(wyn(@) )

—f(x, w) + & < n(w), n(w) >0 )

Here, & represents VaR, (o) is a variable that makes the
profit/cost positive, and f{x, @) is the objective function for
the uncertain variable x under scenario .
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Fig 1. Diagrams of VaR and Probability lllustration of VaR and TailVar
TVaR (Alexander and Baptista distribution
2014) [12] function VaR
TailvaR > VaR

TailVar represents the average of all
losses exceeding the VaR

Loss

99.5% confidence level

Modeling of Objective Function and Constraints
for the Short-Term Operation Mode

The architecture of the proposed energy hub in this paper is
shown in Fig. 2. The electrical demand of energy hub can be
supplied through purchasing energy form the day-ahead and
the real-time market, and the optimal scheduling of energy
hub’s resources, i.e., generators, CHP units, PHEVs, and
solar panels. To reduce the effects of intermittent behav-
ior of solar energy system, the PHEVs are employed to
store the extra energy of this system in the hours with high
power generation. The thermal demand of the system is
supplied through the CHP units and boiler where both of

these resources purchase their required natural gas from the
gas market. Since the energy market price of the real-time
market faces with high uncertainties, it is modeled in the
decision-making problem of energy hub through the sto-
chastic optimization approach. In this model, the amount of
purchased energy from the day-ahead market is considered
as the first-stage decision or wait and see. The amount of
purchased energy from the real-time market and the optimal
scheduling of energy hub’s energy resources are considered
as the second-stage decisions or wait and see ones.

The mathematical model of the proposed energy hub is
modeled in this section [11]. The objective function of the
energy hub is as (6).

MinTC = Zf::] (W) Z; [ PEOAL (@) + Pl (@, )4 (0, 1) + SEO@0) PES(0) + A5 (P2 (@, 1) + P (@, 1) = (P (0, ) A" (0, " + (PP (0, 4" (0,01 | (6)

nts

Fig.2 Overview of the assumed

energy hub Day-Ahead market

Real-Time market

1
Genarators > +
| ' ' Electricity Load
PHEVs/ storage — 4+ —>
n
l_ "/ L —
jl—;/ ‘
PV
> CHP
Heat Load

Gas Network
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Where P¥"(w, 1) is the amount of discharged energy from
the storage units, (P*"(w, )A"(w, f)n*" is the profit from the
electricity storage, (PP#EYS(w, £)A"Y(w, )" is the profit from
the transfer of energy from PHEVs to the energy hub, and
A}“is the price of natural gas. To add the decision risk to this
formulation, the TVaR is modeled as follows [13]:

Min TVAR = TC + [ﬁ(& - ﬁ) 2::1 ﬂ(w)n(w)] @)

Where f is a parameter that manages the balance of risk and
objective function. The higher  means the risk is more impor-
tant for the decision-maker [11]. Risk constraints are as follows:

Z; : [P0 AL @) + P (@, 02 (.1) + SP9(0) PEE(1) + A5 (P, 1) + PSP (@, ) = (P (00, 0) 7 (0, D™ + (PPHEYS (@0, )4PY (@, ™) = & = () < 0

nts

(®)

n(w) =0 C))

The proposed objective function is solved considering
the technical constraints of energy hub’s resources as fol-
lows [14].

e CHP’s constraints: Since the energy hub is assumed to
contain CHP units, the constraints related to the feasible
output compositions (heat versus electricity) should be
considered. Fig 3. shows the CHP’s feasible heat-elec-
tricity output compositions, which should fall within an
enclosed area. According to this figure, the constraints
related to CHP are as follows [11]:

pP,-P
P (w0, 1) + (%)Pﬁ’”’(w, 1) < PV, (10)
B

Pp—Pc

Py—P
P @,1) = (2= ) PSP @.0) 2 [Py — Hy VP (@, 1)
HB - Hc HB - HC

an

Feasible region

Output electricity (kW)

Output heat (KWth) H

Fig.3 The enclosed area representing the feasible heat-electricity
output compositions of the CHP unit

P,—P
P& (@, 1) - <%>P,€H’J(w, N> PpvH(w, 1) (12)
C

Where v (w, 1) is a binary variable showing whether the
CHP unit is on or off at the time ¢ in the scenario w.

e Boiler constraints: The output of the boiler unit also has
an upper and lower limitations, which are represented as
follows:

0 < Pf()il(a), t) < PBOil

h max

13)

e Electrical energy balance: The electrical demand is met
with purchasing energy from the day-ahead and real-time
energy markets, PHEVs, CHP, diesel generators, and the
energy discharged from storage units as described in (14).

D,(w,1) = P’() + P"(w, 1) + P°%(w, 1)

+ PSP (w, 1) + PV PPHEYS (@, 1) + Py (w0, 1)
(14)
Here, y'and y*Vare the coefficients of The amount of energy
stored from purchasing power in the real time market, and
energy from PV that is stored in PHEVs, respectively.

e Heat energy balance: The heat demand is met by boiler and
CHP units as modeled in (15).
CHP

Dy(w, 1) = Pie (@, 0)n" + P4 (@, Onf

5)

e Energy storage and PHEVs constraints: The constraints
related to the storage units and PHEVs are as follows:

Table 1 Assumed energy hub specifications

Amount Parameter Amount Parameter

0.75 e 1 B

0.4 yeCHP 0.95 o

0.45 CHP 20 $
¢ ()
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Table 2 Assumed demand and

; 3 . Hour Day-ahead prices ($/ Electricity demand  Heat demand (kW) Average price of
daily market specifications KWh) (kW) real-time market ($/
kWh)
1 26.34 292.2 42.13 22.43
2 22.86 275.8 38.79 14.93
3 19.64 264.8 25.65 11.37
4 16.66 285.64 48.23 11.73
5 17.38 275.58 87.27 12.98
6 21.9 266.7 76.26 12.65
7 25.89 288.32 80.7 15.38
8 29.61 316.78 90.52 18.78
9 29.93 341.61 81.01 26.17
10 34.28 361.88 128.41 28.81
11 37.25 375.32 77.94 34.07
12 39.17 383.55 524 38.78
13 39.9 388.82 42.39 37.75
14 41.27 392.88 41.47 38.3
15 42.11 396.06 34.65 40.03
16 42.86 398.78 47.6 334
17 44.26 399.54 81.92 36.64
18 42.32 395.26 89.15 34.75
19 39.29 378.1 80.28 36.64
20 36.11 365.25 90.68 34.57
21 39.3 360.69 98.95 33.08
22 36.2 353.48 142.58 3142
23 30.47 339.56 101.54 29.35
24 28.73 319.79 45.42 27.68

EPHEVS (@0, 1) = EPHEVS (o, 1 — 1) + (1 _ yPV)PPV(w’ 1) = P%h (@, pynPHEYS

EPHEVS < EPHEVS ((D, t) < EPHEVS
max

min

60
—=—=— Scenario 196
sokl— Scenario 199
—.—.. Average
. A
40 Other Scenario - \>‘

Price (S/ kWh)

0 . | .

16)

a7

5 10 15

Time ( howr )

Fig.4 Generated real-time market price scenarios

@ Springer
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(18)

19)
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Fig.5 Generated solar energy production scenarios
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Table 3 The purchased energy from the day-ahead market

Hour  Purchased Hour  Purchased Hour  Purchased

energy (kWh) energy (kWh) energy
(kWh)

1 0 9 0 17 0

2 0 10 0 18 0

3 0 11 375.32 19 94.27

4 0 12 383.55 20 327.94

5 0 13 388.82 21 0

6 0 14 0 22 0

7 0 15 396.06 23 339.56

8 0 16 0 24 174.91

e DG’s constraints: Since the energy hub contains diesel
generators, the constraints related to these generators are
modeled as follows. Also, since the power generation
cost of the diesel generator is modeled as a step function,
this generator can only operate at one step, which should
be between its upper and lower limits.

P <P <P 0)

¢ Uncertainty equation: The uncertainties related to the price
of real-time energy market and the output of solar produc-
tion which is stored in PHEVs is modeled in this paper.

LOLE and LOLP are defined as Equations (21) and (22),
respectively. These values must remain lower than a certain
limit over the planning period.

LOLE/(y) < LOLE, “"*"* @

LOLP(y) < LOLP, argeted (22)

The proposed approach in this paper to solve the pre-
sented model in the previous. First, different scenarios are

500
N
400 . Y
=
=
- 300%
2
& 200t
< Scenario 196
3 ——~ Scenario 199
§ 100F Average
RS e
Other Scenario
0 -
-100 ) L A .
5 10 15 20 25
Time(h)

Fig.6 Purchased energy in the real- time market with different sce-
narios

generated for all times, then, using equation (6), the energy
required for the energy hub is estimated. Finally, using equa-
tion (7), the amount of risk for the energy hub is calculated.

The resulted non-linear model is solved with the CPLEX
solver in the GAMS software in a computer with a CPU core
i5-2.5GHz and 4GB RAM.

Numerical Results

To show the effectiveness of the proposed model, it is applied on
an energy hub system. The specifications of the CHP and boiler
units are given in Table 1. The efficiency of equipment and the
operation region of the CHP unit are derived from (Alexander
and Baptista 2014) and (Alipour and Zare 2014), respectively.
In this study, the feasible operation region of the CHP unit is
considered as the area enclosed in the following four points:
A(0,24.7), B(18,21.5), C(10.48,8.1), and D(0,9.88). The initial
charge of the storage unit and PHEVs are assumed to be SOMW
and their minimum and maximum charge levels are assumed

Table 4 Specifications of the components chosen for the system with and without reliability consideration

Optimization approach Components

Capacity (kW) Efficiency (%)

Investment cost Maintenance Failure rate (%)

Total Heat Electricity

(million dollars) cost factor ($/

kWh)
With reliability considera- Transformer 3 1000 89 89 1.66 0.0024 0.014
tion CHP 4 1125 40 40 80 0.487 0.0115 0.01
Heat generator 4 750 - 83 83 0.15 0.003 0.02
Solar unit 3 100 85 85 0.125 0.0014 0.017
Without reliability consid- Transformer 3 800 92 92 0.825 0.003 0.035
eration CHP 4 825 50 30 80 0.375 0.0125 0.025
Heat generator 4 - - - - - -
Solar unit 3 100 85 85 0.125 0.0014 0.014

@ Springer
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80
——— Scenario 196

— == Scenario 199
— —.. Average

00 Other Scenario

Discharged electrical energy ( kWh )

Time ( howr)

Fig. 7 Energy discharged from the storage units in different scenarios

30 [ | —— Scenario 196
=== Scenario 199

25

““ |- —.- Average

20 Other Scenario

Stored solar generatin( kWh )
~
S

10 15 20

Time ( howr)

“

Fig.8 Energy stored in PHEVs

Fig. 9 Natural gas fed to the 30
CHP unit

~
o

~
S

Intered gas I_M‘; )

o
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to be 10 and 100 MW respectively. The time-dependent data
related to electrical and heat demands, day-ahead and real-time
energy market prices are given in Table 2. The standard devia-
tions assumed for the real-time price and the solar radiation are
0.15 and 0.25, respectively. To model the uncertainties of solar
radiation and real-time energy prices, 50 scenarios are gener-
ated for these parameters regarding which 2,500 scenarios are
obtained. Then, regarding a scenario reduction technique, these
scenarios are reduced to 200. These scenarios are shown in
Figs. 4 and 5 in which the average value of the uncertain param-
eters and the scenarios 196 and 199 are shown. To investigate
the effect of risk parameter on the decisions of the energy bub,
two cases are defined, i.e., fixed and variable risk.

Fixed Risk

In this simulation, o and f are considered as the fixed param-
eters. Tables 3 and 4 shows the results of this simulation in
terms of the amount of purchased energy from the day-ahead
market. Figure 6 shows the amount of energy that the EHO
trades with the real-time energy market. As shown in Fig. 6,
the purchase energy decreases in hours 11-13 regarding the
discharging power of PHEVs and storage units so that in
some scenarios, the EHO can sell energy to the real-time
market. Fig. 7 shows the rate of discharging power of stor-
age units and the rate of energy transferring from PHEVs
to the network (V2H) at different hours. It can be seen that
most of the discharging has been done during peak hours.
Figures 8 and 9 show the amount of solar energy stored in
PHEVs and the amount of natural gas entering in the CHP
unit, respectively. As shown in Fig. 8, because of the exten-
sive use of stored energy in PHEVs, the storage levels in
scenarios 196 and 199 are zero, but on average, some energy

Scenario 196

—— = Scenario 199

— —.. Average

Other Scenario

20

i~
~
S
L.

o

Time ( howr)
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has been stored in PHEVs. Figure 10 shows the amount of
thermal energy produced by the boiler. Since the heat load
is constant, there is not much fluctuation in the boiler out-
put. The final expected values (mathematical expectation) of
cost and risk in this scenario are $ 260,137 and $ 269,722,
respectively.

Variable Risk
This article proposed a hybrid strategy for modeling and

formulation of the design of multicarrier microgrids (energy
hubs) with reliability constraints. The proposed method

140¢
Scenario 196
120 3
——~ Scenario 199
— . —.. Average
= 1001 )
= Other Scenario
[
8 S0t
=
o
&
o -
g 00
5
Q
40+
201
0 N L L
5 10 15
Time (hour)

Fig. 10 Thermal energy generated by the boiler

Fig. 11 Changes in the math-
ematical expectation of cost and
risk versus risk factor

Fig. 12 Impact of risk daily and
real-time market purchases

Expected cost (S)

Purchased electricity ( kWh )

Lo
-

400

300

200

100

involves developing a programming problem with the objec-
tive of minimizing operating and investment costs as well
as the cost of energy not supplied for multiple loads. Mul-
tiple reliability indicators including the Cost of Energy Not

o 1 L L I 3
TVaR () *10°s
— (3 r m g
p=0 i I .
| ---B:1 " "| n P
I 1) n \
I 1! I \
I 1) I \
) i I \
L I 1 ! I 4
I P ! I\ !
1 1 ! I
i 1 ! [
I "L [ |
L I 1 | [ | 4
I 1 ! ] i
! | ! |
' i
T ; 13 - - T |l -
- 10 15 20

Time ( howr )
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Fig. 13 Changes in purchases

Average of purchased energy from day-ahead electricity market

from the daily and real-time

markets versus risk factor S‘ 150 T T T T
e
& 100k _» o —9
S
=
S
r&’ 50 L L r L
3 0 2 - 8 0 ) 10
~ Expected electricity energy purchased from real time market
S 300 : : : :
e
& >
B 20
=
Q O
§ ~
S 200 : . ,
- 0 2z - 0 ) 10
B

Supplied (CENS), Energy Index of Reliability (EIR), Loss
of Load Expectation (LOLE), and Loss of Load Probability
(LOLP) were used in the optimization process to make sure
of a reasonable level of reliability in meeting demand.

In the simulation with variable risk, the risk factor f§ is given
values ranging from O to 100. Figure 11 shows the changes in
the expectation of cost and the risk versus changes in the risk
factor. Increasing the risk factor increases the expectation of
cost and decreases the expectation of risk. Also, changing the
importance of risk in decision-making (f) changes the deci-
sions made by the EHO. Figure 12 shows the hub’s decision to

purchase from the day-ahead market for p=0 and pf=1. In the
case where the risk is considered, the hub increases the pur-
chased energy from the market. Since uncertainty is not con-
sidered in the day-ahead market, taking the risk into account
can be expected to increase purchases from the day-ahead
market. Figure 13 shows the average of the purchased energy
from the day-ahead and real-time market at different hours in
all scenarios. As shown in this Figure, with increasing the risk
factor, the purchased energy from the real-time market reduces.
On the other hand, the purchased energy from the day-ahead
market increases when the risk factor increases.

Table 5 Reliability indicators obtained for the system with and without reliability consideration

Results Year ENNS (kWh) EIR (pu) LOLE (Hour) LOLP (%)
Electricity Heat Electricity ~ Heat Electricity Heat Electricity Heat
With reliability 1 9270079 1577 0.9997348  0.999168 2.4192 6.9 0.028 0.08
consideration
2 1025 1728 0.9997334  0.991709 2.4192 6.9 0.028 0.08
3 1333 1895 0.9997322  0.991736 2.4192 6.9 0.028 0.08
4 1251 2079 0.9997311  0.99176 2.4192 6.9 0.028 0.08
5 1382 2280 0.9997301  0.991782 2.4192 6.9 0.028 0.08
1-5 5719 9559 0.999732 0.99173 12.096 34.6 - -
Without reliability 1 5792 197100 0.9983426  0.8960112 15.12 863.9 0.0017 0.1
consideration
2 6402 216100 0.9983342  0.8963738 15.12 863.9 0.0017 0.1
3 7122 236900 0.9983758  0.8967035 21.489 863.9 0.0017 0.1
4 9885 259800 0.9978748  0.8970032  61.34 863.9 0.0017 0.1
5 15250 285100 0.9970192  0.8972756  91.88 863.9 0.0017 0.1
1-5 44450 1195000 0.9979165 0.8967332  201.95 863.9 - -

@ Springer



9

Page 11 of 13

(2024) 9:9

Smart Grids and Sustainable Energy

§T80 SLEO - §ecro 87'Y (43 7980100 SYI91°0 Sl
- - - - 1 780 €96200°0 LEE6TO0 S
- - - - 60'1 LILO 122000 TSLOE00 14
- - - - 678°0 9Tr’0 1€8100°0 €¥TTE00 €
- - - - £€9°0 g0 £68100°0 918¢€0°0 [4 UOTJRIOPISUOD
WLy §T8°0 SLEO - sero 9820 98%°0 6961000 LLYSE00 I AIqerar noyim
(srefrop
UOI[[T) SO [B10], [ JowIojsuer], ¢dHD  JojemoudSjeoy ¢ [oued Iejos
cecro 108'% cer'e  8SYI00°0 621000 S1°o L8Y°0 99’1 S1
- SHe'l £€88°0  89%000°0 $22000°0 - - - S
- 192900 ILL'O  6LT000°0 9920000 - - - ¥
- °Lro €L9°0 1620000 LST000°0 - - - €
- 6L0 685°0  £0€000°0 1,2000°0 - - - [4 UOTJRISPISUOD
6’868 - LLYO LIS0  ST€000°0 £82000°0 - - - I Apiqerpar i
(AdN)
peoI OIMOJ[  PEOJ [PWIIAY],  ON[eA JUISAIJ  1SOO JON ydHD + Jorerouas JeoH ¢ 1oued 1e[0S € JoWIOJSuel1],
(srefjop uorru) (srefjop uorfrur) (srefjop uorfru)
1500 [B10], JUNOWE JOU JO SULIS) UT DI 1S00 QOUBUIJUTEW (SIB[[Op UOI[[IUI) }SOD JUSUIISIAU] Ie9x S)nsY

UOIJEIAPISUOD AJI[IQRI[AI JNOYIIM PUE YIIM SISOD PLISOIOIW JO SISATeU. OIouody 9 3jqel

pringer

As



9 Page 12 of 13

Smart Grids and Sustainable Energy (2024) 9:9

Fig. 14 Cash flow diagram of
the considered multicarrier 2

microgrid
& 15

0.5

M return on investment

To evaluate the method, multicarrier microgrid modeling
was performed with and without reliability indicators. The
results of the solution process, including the optimal values and
specifications of microgrid components are given in Tables 3
and 4. In this evaluation, LOLE and LOLP were determined to
be 10 hours (per year) and 0.1% (per year) respectively.

As shown in Table 5, in the model where reliability is
taken into account, a larger CHP generator has been chosen
to ensure greater electrical and thermal outputs. In this model,
the type-3 transformer has been selected because of its lower
unavailability (outage), the type-4 CHP generator has been
chosen for its low unavailability and its ability to supply mul-
tiple carriers simultaneously, the type-4 heat generator has
been selected for its low maintenance and good efficiency in
supplying part of the required thermal energy, and finally, the
type-3 photovoltaic unit has been chosen because of its ability
to generate electricity at negligible cost and its good capacity
and efficiency considering the investment cost. In comparison,
the model where reliability is ignored has chosen a cheaper
CHP generator and no heat generation unit.

As can be seen, considering the reliability constraints has
led to significantly improved CENS. Table 6 compares the
gross costs of the system over the planning period. It can be
seen that reliability constraints have affected the type and
size of components chosen for the multicarrier microgrid
and the investment cost. It should be mentioned that con-
sidering reliability has drastically increased the overall cost
of the system by restricting the options to the component
that can satisfy reliability constraints. However, it also has
significantly improved the system’s reliability indicators.
These results demonstrate the ability of the proposed method
to make sure that the demand is met with appropriate reli-
ability. In the end, the cash flow diagram of the microgrid is
drawn in Fig. 14 for a better economic analysis. According to

@ Springer

% Investment cost Cost saved

this diagram, the energy hub with reliability constraints will
pay back the capital spent in its development in about four
and a half years. Comparing the proposed method with the
methods provided in (Bahramara, 2021; [15]) shows that it
results in a 22-24% increase in investment cost by requiring
the energy hubs to meet the reliability requirements. Finally,
it should be mentioned that while the analysis of multicarrier
microgrid design with reliability consideration may prolong
the optimization process, it certainly gives the planner a bet-
ter understanding of the risks associated with changes in
system costs and helps achieve more reliable and realistic
results from the developer’s point of view.

Conclusion

In this study on the short-term operation of a network consist-
ing energy hub with the goal of improving reliability under dif-
ferent risk levels with TVaR used as a risk measure, the results
showed that increasing the assumed risk level will result in
safer operation of the network and energy hubs acting more
proactively in supplying their own loads. The result of this
method can be examined from two perspectives: reduced oper-
ating costs and reduced frequency of blackouts due to improv-
ing reliability of energy hubs.
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included in this published article (and its supplementary information files).

Declarations

Conflict of Interest I hereby declare that: I have no pecuniary or other
personal interest, direct or indirect, in any matter that raises or may
raise a conflict.



Smart Grids and Sustainable Energy

(2024) 9:9

Page 13 0f 13 9

References

Dorahaki S, Abdollahi A, Rashidinejad M, Moghbeli M (2020)
The role of energy storage and demand response as energy democ-
racy policies in the energy productivity of hybrid hub system con-
sidering social inconvenience cost. J Energy Storage:102022
Hosseini S, Ahmarinejad A (2020) Stochastic framework for
day-ahead scheduling of coordinated electricity and natural gas
networks considering multiple downward energy hubs. J Energy
Storage:102066

Hou W, Liu Z, Ma L, Wang L (2020) A real-time rolling horizon
chance constrained optimization model for energy hub scheduling.
Sustain Cities Soc 62:102417

Faraji J, Hashemi-Dezaki H, Ketabi A (2020) Stochastic opera-
tion and scheduling of energy hub considering renewable energy
sources. Uncertainty and N-1 contingency. Sustain Cities
Soc:102578

Miao P, Yue Z, Niu T, Alizadeh AA, Jermsittiparsert K (2021)
Optimal emission management of photovoltaic and wind genera-
tion based energy hub system using compromise programming. J
Cleaner Produc 124333

Jalili M, M Sedighizadeh, Fini AS (2021) Stochastic optimal
operation of a microgrid based on energy hub including a solar-
powered compressed air energy storage system and an ice storage
conditioner. J Energy Storage 33:102089

Emrani-Rahaghi P, Hashemi-Dezaki H (2020) Optimal sce-
nario-based operation and scheduling of residential energy hubs
including plug-in hybrid electric vehicle and heat storage system
considering the uncertainties of electricity Price and renewable
distributed generations. J Energy Storage:102038

Dini A, Pirouzi S, Norouzi M, Lehtonen M (2019) Grid-connected
energy hubs in the coordinated multi-energy management based
on day-ahead market framework. Energy 188:116055

Eladl AA, El-Afifi M1, Saced MA, El-Saadawi MM (2020) Opti-
mal operation of energy hubs integrated with renewable energy

10.

11.

12.

13.

15.

16.

sources and storage devices considering CO2 emissions. Int J
Electrical Power Energy Syst 117:105719

Chamandoust H, Derakhshan G, Hakimi SM, Bahramara S (2019)
Tri-objective optimal scheduling of smart energy hub system with
schedulable loads. J Clean Prod 236:117584

Najafi A, Falaghi H, Contreras J, Ramezani M (2016b) Medium-
term energy hub management subject to electricity price and wind
uncertainty. Appl Energy 168:418-433

Alexander GJ, Baptista AM (2004) A comparison of VaR and
CVaR constraints on portfolio selection with the mean-variance
model. Manag Sci 50(9):1261-1273

Alipour M, Mohammadi-Ivatloo B, Zare K (2014) Stochastic risk-
constrained short-term scheduling of industrial cogeneration sys-
tems in the presence of demand response programs. Appl Energy
136:393-404

. Rahmatian MR, Ghaderi Shamim A, Bahramara S (2021) Optimal

operation of the energy hubs in the islanded multi-carrier energy
system using Cournot model. Appl Thermal Eng. 191:116837
Najafi A, Falaghi H, Contreras J, Ramezani M (2016a) Medium-
term energy hub management subject to electricity price and wind
uncertainty. Appl Energy 168:418-433

Lu X, Liu Z, Ma L, Wang L, Zhou K, Feng N (2020) A robust
optimization approach for optimal load dispatch of community
energy hub. Appl Energy 259:114195

Publisher’s Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds
exclusive rights to this article under a publishing agreement with the
author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of
such publishing agreement and applicable law.

@ Springer



	Risk-Based Two-Stage Stochastic Model for Optimal Scheduling Problem of an Energy Hub in Day-Ahead and Real-Time Energy Market for Improve Reliability
	Abstract
	Introduction
	Literature Review and Contribution
	Literature Review
	Contribution

	Paper Organization

	System Model
	Modeling of the Electricity Market
	Risk Measure
	Modeling of Objective Function and Constraints for the Short-Term Operation Mode

	Numerical Results
	Fixed Risk
	Variable Risk

	Conclusion
	References


