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Abstract

Energy hubs (EHs) are units that enable the simultaneous supply of different types of energy
demands by converting energy carriers, and using energy storage systems. Energy storage
systems can significantly help maintain the balance between energy production and energy
demand, while enabling the use of renewable energy resources, and improve the flexibility of
energy hubs through the efficient management of energy supply. In this study, a stochastic
model is designed for unit commitment (UC) in Energy hubs, which include hydrogen vehicle
(HV) parking lot, electric heat pump (EHP), absorption chiller (AC), photovoltaic (PV)
module, boiler, hydrogen electrolyzer (HE) and electric, thermal, cooling and hydrogen storage
systems. Here, natural gas (NG) and electricity are the input of the EH and are used to supply
electric, hydrogen, heat, cooling and NG demands. In this work, uncertainties of demands, the
initial power of hydrogen vehicle tanks and PV power are modeled, and the impact of storage
systems, parking lot and demand response on EH operation are also investigated. The proposed
mixed integer linear programming (MILP) model is solved for unit commitment in EH using
the CPLEX solver in the GAMS software. The results show that the EH operation cost is
reduced by 27.58% in the presence of demand response, energy storage systems by 12.68%,
and hydrogen vehicles by 2.9%. In addition, according to the results, it can be found that the
cooling storage system by 6.19% has the significant impact on reducing EH operation costs
compared to electrical, hydrogen and thermal storage systems, while electric demand response
by 15.89% reduction in operation costs is more effective than others. Moreover, the impact of
different contingencies on the EH operation is evaluated. The results indicate that the hydrogen
demand is fully supplied despite the exit of the power grid. This is particularly due to the
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presence of hydrogen vehicles (HV tanks) in the model. Also, simulations show that the outage
of the power grid leads to 1288.64 kW of energy not served.
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1. Introduction

Today, simultaneous supply of different forms of energy is of utmost importance due to its
significant role in achieving sustainable energy. In this regard, energy hubs or multi-carrier
energy systems have been developed and used to supply the different needs of consumers for
energy such as electricity, gas, thermal energy, cooling energy, etc. Energy hubs are units that,
while having the ability to convert and store energy carriers, can meet different energy needs
of consumers simultaneously [1-4]. An energy hub unit consists of several energy carriers as
multiple inputs and outputs that are connected to each other through several redundant
connections. Thus, energy hubs with multiple converters and energy storage systems, as well




as redundant connections between input energy carriers and demand, can improve system
flexibility, security and stability, reduce operating costs, and enhance the reliability and
efficiency of energy supply [5-8]. Energy storage systems, while enabling the continuous use
of renewable energy sources improve power quality and decarbonize the grid [9-15]. In
addition, the existence and production of clean energy sources such as hydrogen energy in the
hub can be a remarkable alternative to replace fossil fuels, while providing hydrogen loads.
Hydrogen vehicles are clean vehicles that can reduce costs, while supplying part of the
hydrogen load and decarbonizing the environment.

In an energy hub, several types of converters are used to convert energy carriers and supply
demands [16]. Boilers [17, 18], electrical and absorption chillers [19, 20], and power to gas
(P2G) [21], combined heat and power (CHP) units [22], electric heat pumps (EHPs) [23], fuel
cells (FCs) [24, 25] and hydrogen electrolyzer [26, 27] can be used to convert imported energy
carriers. In addition, various energy storage systems such as CSS, ESS, TSS, HS and HSS [28-
31] are utilized in the EH to decrease the vibrations of renewable energy resources (RER) and
improve the efficiency of the EH.

The optimal operation of the energy hub can be done using UC with the aim of day-ahead
planning and reducing operation costs, while all constraints are satisfied. UC in EH is a
complex MILP problem with the uncertainties of the input data [32-36]. In the literature,
various researches have been carried out on the modeling UC in EHs and the optimal operation
of EH systems.

In Ref. [37], a robust optimization has been proposed in an EH including electrical and
absorption chiller, EHP, CHP, diesel generator, boiler, oxygen maker, ESS, TES and CES. The
inputs of the EH are electricity and gas, and its outputs are electricity, oxygen, cooling and
heat. The UC has been done with the aim of reducing operation costs of the EH and the
uncertainties of demands and PV power have been considered. However, the demands are not
responsive; storage loss has not been taken into account. In Ref. [18], IGDT has been applied
to handle UC uncertainty in EHs in which NG and electricity are inputs and electricity and heat
are demands. Here, the limitations of NG, heat, and electricity networks are considered.
However, the storage loss and demand response has not been addressed. In Ref. [38],
optimization of an EH with CHP unit, heating, ventilation and air-conditioning (HVAC)
system, ESS and TSS has been done in order to decrease the operation costs. The EH consists
of NG and electricity inputs and, electricity and heat demands. In the study, the effect of the
CHP, HVAC, ESS and TSS on the EH has been investigated in 4 scenarios. Also, degradation
of ESS has been considered. However, uncertainty of demands has not been considered and
Start-up and shut-down costs have been neglected. In Ref. [39], using a risk-averse stochastic
method, the uncertainties of heat, electricity, and prices of wind power, as well as demands, in
an EH with TSS, ESS, CHP unit, boiler, and wind turbine has been handled. However, costs
of start-up and shut-down, ramp-up/down have not been considered. In addition, storage loss
has not been reported. In the energy hub, heat, NG, and electricity are used as inputs, and the
demands of NG, heat, and electricity are output [40].

In Ref. [41], an operation model of multi-EH systems has been presented based on AC optimal
power flow (ACOPF) for three EH of industrial, residential and commercial demands in order



to relief the operation costs considering DR and uncertainties of cooling, electrical and heating
demands, EV batteries power. Each EH includes the electricity and NG inputs, CHP unit,
electric heater (EH), electric heat pump (EHP), AC, EES, TES and demands of heat, cooling
and electricity. The uncertainty of the EVs has been addressed using the stochastic
programming (SP) method. However, start-up and shut-down costs, ramp-up/down limitations
have been neglected. In Ref. [42], a MILP model has been designed for UC in an EH equipped
with a battery storage system (ESS), absorption chiller, EHP, CHP, and boiler. In this model,
wood chips, heat, NG, and power are inputs, and cooling, heat and power are demands. This
model also does not pay attention to loss of storage and demands cannot be responsive. In Ref.
[43], robust optimization method has been employed to reduce operation cost of an EH with
wind, NG, electricity inputs and NG, hydrogen, heat, and electricity demands considering the
electricity price uncertainty. The EH components include hydrogen storage system, gas
storage, TSS, ESS, wind turbine, boiler, CHP, FC, and gas turbine. In the study, the DR for
thermal and electrical loads are considered. The costs of start-up and shut-down, the limitations
of CHP ramp-up/down, and gas turbine limits have been considered. However, storage loss has
been ignored.

In Ref. [44], for an EH with CHP, electric vehicles (EVs), wind turbine, boiler and NG and
electricity inputs, IGDT has been utilized to handle the uncertainty problem of heat and
electricity demands as well as wind power. However, there has not been focused effort to
evaluate the effect of demand response on EH and the HV tanks' storage loss. In Ref. [45], a
model based on the energy hub concept including electrical, heating and cooling hubs has been
presented to decrease the operation costs with the consideration of the DR of electrical and
cooling loads. Monte Carlo method has been utilized to model uncertainties of heating, cooling
and electrical demands, wind speed as well as electricity and natural gas prices. In Ref. [46],
uncertainties of heat and electricity market prices, as well as demands, have been modeled by
Monte Carlo simulation (MCS) for an EH with TSS, ESS, and wind turbine. The studied EH
consists of NG, heat, and electricity inputs and NG, heat, and electricity demands. The electric
and thermal demand response programs have been considered; however no attention has been
paid to start-up and shut-down costs and also loads shed costs. In Ref. [47], the optimal
scheduling of a multi-EH system has been presented with the aim of reducing operation costs
and providing local energy needs with the minimum cost considering Time-of-Use (TOU) DR
program. All three EH includes the electricity and NG inputs, CHP unit, boiler, auxiliary heater,
PV, WT, diesel generator, EES, TES and, demands of heat and electricity. However,
uncertainty of demands has not been considered. Also, costs of start-up and shut-down, as well
as ramp-up/down rate limitation have been neglected.

In Ref. [48], problem of uncertainty in UC has been handled using robust optimization for an
EH with wind turbine (WT), PV, CSS, TSS, ESS, electric and absorption chillers, boiler, heat
recovery unit, and gas turbine. NG and electricity have been used as inputs and cooling, heat,
and electricity have been considered as demands. Start-up and shut-down costs, as well as
ramp-up/down rate limit of components have not been taken into account. Furthermore, there
has been no mention of storage loss and demands shed costs. In Ref. [49], for an EH containing
TSS, ESS, CHP, boiler, and WT, robust scheduling has been presented using stochastic-interval
optimization considering electricity and thermal demand response. The electricity, heat, and



NG are inputs and demands. Uncertainty in electricity prices has been handled by interval
optimization. In Ref. [50], a cooperative model has been presented for energy scheduling in an
EH including electric and absorption chillers, CHP, boiler, ice storage system, TSS, ESS. The
NG, electricity and renewable resources are inputs and electrical, cooling and thermal are
demands. Although the DR program has been utilized for the thermal and electrical demands,
the effects of energy storage systems and DR have not been evaluated on operation cost of EH.
Also, start-up and shut-down costs of EH components and loads shed costs have been ignored.

By reviewing the above researches, it can be found that despite the efforts made, there are
shortcomings. DR is one of the important subjects in the studies that has been considered only
for some demands and its effect on the all demands in EH has not been investigated. In some
articles, the effect of uncertainty of demands and sources of renewable energy production has
been ignored. Another issue that has not been explored in any of the articles is the impact of
parking lots for hydrogen vehicles on EH performance. In addition, in some previous works,
start-up and shut-down costs, as well as ramp-up/down rate limit of components has been
neglected;

In this regard, the authors in the present article tried to provide a novel stochastic model for
UC in EH, while addressing these shortcomings. As the proposed model is a MILP, the
achievement of the global optimum is guaranteed and we do not face with the challenges of
nonlinear models and premature convergence which is a common issue in metaheuristics and
nonlinear solvers [51-56]. The studied EH consists of smart V2G HV parking lots, EHP, PV
module, boiler, absorption chiller, with inputs of electricity and NG and demands of electricity,
hydrogen, heat, cooling and NG. The main contributions of this paper are as follows:

v" A hydrogen vehicle (HV) parking lot has been integrated into EH and its effect and
HSS on EH performance has been investigated.

v’ Effectiveness of DR on cost of operation of EH for demands of electrical, hydrogen,
heating, cooling and NG has been evaluated.

v The uncertainties of demands, PV power and HV tanks energy have been taken into
account.

v" Impact of storages and HVs on costs of EH operation have been assessed with the
consideration of their storage loss.

v’ Effect of different contingencies on the EH operation has been evaluated.

v" Costs of start-up and shut-down, and loads shed costs has been determined, while
storage loss and, ramp-up/down limit of components have been taken into account.

The rest of the paper is organized as follows. Section 2 presents problem formulation.
Section 3 discusses solution methodology. In section 4, simulation results are
explained, and section 5 express conclusions.

2. Problem formulation



Problem formulation of EH scheduling with the aim of reducing operation costs has been
presented in this section. Equations (1)-(96) present the formulation of stochastic model
proposed for UC in EH including objective function, constraints and other components.

2.1. Objective function

The objective function in the proposed model is to reduce EH operation costs in accordance
with Equation (1). According to Equations (1) - (7), EH operation costs can be calculated in
each scenario. According to Equation (2), it can be seen that the cost of EH operation is the
sum of the following costs: incentive payment to responsive consumers, load shed's costs, start-
up and shut-down costs of components, NG and electricity purchase costs. Using Equation (3),
the total incentives paid to demands can be obtained. Incentives paid to electrical, heating,
cooling and hydrogen demands can be obtained using Equations (4), (5), (6) and (7),
respectively [57].

OF = Z prs OF; (1)
S

OF; = Z Tgriat - Pgriaes Z NGt - Prees T Z(yboil,t,s-SUboil + Zpoire.s- SDpoir)
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2.2. Energy balance constraints

In the optimal operation problem of EH, the energy balance between generation and demands
must be maintained. Equations (8) - (12) state the balance constraints between generation and
demands of electrical, hydrogen, thermal, cooling and NG, respectively. According to
constraint (8), it can be seen that at all times, for all scenarios, the total power produced by
SDED, ESS discharge power, electric load shed, power imported from the grid and power
injected by PV cannot be less than the sum of electric power fed into EHP, electric power fed
into HE, SUED, ESS, and electric demand.
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According to constraint (9), it can be seen that at all times, for all scenarios, the total thermal
power produced by SDTD, TSS discharging power, thermal load shed, EHP and boiler cannot
be less than the sum of thermal power provided for the AC, SUTD, TSS discharging power,
and thermal demand.

Hpoirt,s + TSsheats + Frssachts + Henpes + DRugownts

HAC' ts (9)
P Dh,t,s + DRh,up,t,s + FTSS,ch,t,s + T vt, Vs

AC
According to constraint (10), it can be seen that at all times, for all scenarios, the total cooling
power produced by SDCD, CSS discharging power, cooling load shed, EHP and AC cannot be
less than the sum of SUCD, CSS charging power and cooling demand.

CAC,t,s + CSshed,t,s + FCSS,dch,t,s + CEHP,t,s + DRC,down,t,s

(10)
= Dc,t,s + DRc,up,t,s + FCSS,ch,t,s vt, Vs

According to Equation (11), it can be seen that the amount of gas supplied by the NG network
must be equal to the sum of the NG demand and the amount of gas fed into the boiler.

H
Prgts = K, l + Dngts VE, Vs (11)
ol

According to constraint (12), it can be seen that at all times, for all scenarios, the total hydrogen
produced by SDED, HVs discharge power, HSS discharging power, hydrogen load shed and
hydrogen electrolyzer cannot be less than the sum of SUHYD, charging power of HVs, HSS
charging power and hydrogen demand.

HYHE,t,s + HYshed,t,s + HYHYSS,dCh,t,s + DRhy,down,t,s + Z Hth,dch,t,s

hv (12)

= Dhy,t,s + DRhy,up,t,s + HYHYSS,ch,t,s + Z Hth,ch,t,s vt, Vs
hv

2.3. Shift-up and shift-down constraints

Using constraints (13) - (28) [2, 39], the shift-up and shift-down related to responsive demands
can be obtained. According to constraints (13) - (16), it can be seen that at all times and for all
scenarios, the amounts of SUED, SUTD, SUCD and SUHD have been bounded via multiplying
the demands by the SUED, SUTD, SUCD and SUHD participation factors. Constraints (17) -
(20) also show that at all times and for all scenarios, the amounts of SDED, SDTD, SDCD and
SDHD have been bounded via multiplying the demands by the SDED, SDTD, SDCD and
SDHD participation factors. Given the constraints (21) - (24), it can be seen that at no time and
in no scenario the demands can be shifted up and down, simultaneously. Given the constraints
of Equations (25)-(28), it can be seen that for all scenarios, the sum of SUEDs and SDEDs,
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SUTDs and SDTDs, SUCDs and SDCDs and SUHDs and SDHDs over operation horizon are

equal.
DRe,up,t,s < DPFe,up- De,t,s-nDR,e,up,t,s Vt:VS
DRT,up,t,s < DPFT,up- DT,t,s-nDR,T,up,t,s Vt,VS
DRcypts < DPF, yp.Deps-Nprcupts VE, VS
DRh,up,t,s < DPFh,up- Dh,t,s-nDR,h,up,t,s Vt,VS‘
DRe,down,t,st =< DPFe,down- De,t,s- nDR,e,down,t,s vt, Vs

DRT,down,t,s < DPFT,down- DT,t,s- nDR,T,down,t,s vt ,VS

DRc,down,t,s =< DPFc,down- Dc,t,s- nDR,c,down,t,s vt, Vs
DRh,down,t,s < DPFh,down- Dh,t,s- nDR,h,down,t,s vt, Vs
nDR,e,up,t,s + nDR,e,down,t,s < 1 vt ,VS

nDR,T,up,t,s + nDR,T,down,t,s < 1 vt ’ Vs

nDR,c,up,t,s + nDR,c,down,t,s <1 vt, Vs

nDR,h,up,t,s + nDR,h,down,t,s <1 vt, Vs

Z DRe,up,t,s = Z DRe,down,t,s Vs
t t

Z DRT,up,t,s = Z DRT,down,t,s Vs
t t

z DRc,up,t,s = Z DRc,down,t,s Vs
t t

Z DRh,up,t,s = Z DRh,down,t,s Vs
t t

2.4. Boiler constraints

(13)
(14)
(15)
(16)
(17)
(18)
(19)
(20)
(21)
(22)
(23)
(24)

(25)

(26)

(27)

(28)

The constraints (29) - (35) apply to the boiler operation [2, 58]. It was assumed that at the
beginning of the operation horizon all components of the energy hub, especially the boiler, are
ON. Zppi1¢s and ypoi1 .t s are the shut-down and start-up indices of boiler, respectively, defined
by the constraints (29) - (32). The constraints (33) at all times and scenarios limit the committed
boiler's heat to a predetermined allowable range. Given the constraint (34), it can be seen that,
at any time and in any scenario, the increase of the boiler's thermal power cannot exceed its
RURL. The constraint (35) also shows that the reduction of the boiler's thermal power cannot

exceed its RDRL.

Vpoilt,s — Mpoilt,s = Mboilt,s — Nboil,t—1,s Vs,Vt #1

vboil,t,s =0 Vs, Vt= 1

Mpoitt,s = 1- Npoil,t,s Vs, Vt=1
vboil,t,s + mboil,t,s <1 Vs, Vvt
Hboil,minuboil,t,s < Hboil,t,s < Hboil,max uboil,t,s Vs 'Vt

(29)
(30)
(31)
(32)
(33)
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Hpoirt+1,s — Hpoir,e,s < RUpoit Vs, Vt #24 (34)
Hyoit,t-1,s = Hpoirt,s < RDpoir Vs,Vt #1 (35)

2.5. HE constraints

The constraints (36) - (42) apply to the HE [26]. zyg ¢ s and yyg . s are the shut-down and start-
up indices of HE, respectively, defined by the constraints (36) - (41). The constraint (42) limits
the committed HE's hydrogen to its predetermined allowable ranges. The constraints (41) and
(42) ensure that the increase and decrease of HE hydrogen do not exceed its RURL and RDRL,
respectively.

VHEts — MuEts = NHEts — MHEt-1,s Vs,Vt #1 (36)
Vyges = 0 Vs, Vt=1 (37)
Myges =1 —Npges Vs,Vt=1 (38)
Vygts T Mypes < 1 Vs, Vt (39)
Hygminnugts < Huets < Hupmax MHE s Vs, Vvt (40)
Hygtt1s —Hyprs < RUyg Vs,Vt + 24 (42)
Hypi-1s — Hpcrs < RDyg Vs,Vt #1 (42)

2.6. EHP unit constraints

The constraints (43) - (53) apply to the EHP operation. According to constraint (43), the
committed EHP can be found in either cooling or heating mode. The shut-down and start-up
indices of EHP are defined by the constraints (44) - (47). In the heating mode, the constraint
(48) limits the committed EHP's thermal power within its predetermined allowable range. The
constraints (49) and (50) ensure that the increase and decrease of EHP thermal power do not
exceed its thermal power RURL and thermal power RDRL, respectively. In the cooling mode,
the constraint (51) limits the committed EHP's cooling power within its predetermined
allowable range. The constraints (52) and (53) ensure that the increase and decrease of the EHP
cooling power do not exceed its cooling power RURL and cooling power RDRL, respectively
[2, 59].

NpEenpts T NeERPt,s = NEHPLs Vs,Vt (43)
VEHP,t,s — MEHP,t,s = NEHP,t,s — NEHP,t—1,5 Vs, vVt #1 (44)
Veppes = 0 Vs,Vt=1 (45)
Menpts = 1 — NEHpL,s Vs, vt=1 (46)
VeHp,ts T Menpts < 1 Vs, Vt (47)
Hgup minhenp,ts < Henpt,s < HEHPmax MhEHP,t,s Vs, Vvt (48)

Hgnpt+1,s — Henp,t,s < RUgnpn Vs, Vt # 24 (49)
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Henpt-1,s — Henpts < RDgnph Vs, Vvt #1 (50)
PeupmintcEnpt,s < PEupts < PEHPmax UcEHPts Vs, Vvt (51)
Peupt+1,s — Penpts < RUgnpc Vs, Vt #24 (52)
Peupt-1,s — Penpts < RDgppc Vs, vt #1 (53)

2.7. AC constraints

The constraints (54) - (60) apply to the AC operation. The shut-down and start-up indices of
the absorption chiller are defined by the constraints (54) - (57). The constraint (58) limits the
committed absorption chiller's cooling power within its predetermined allowable range. The
constraints (59) and (60) ensure that the increase and reduction of the absorption chiller's
cooling power do not exceed its RURL and RDRL, respectively.

Vacts — Macts = Nacts — NAct-1,s vs, vVt #1 (54)
Vaces = 0 Vs,Vt=1 (55)
Maces =1 —Naces Vs,Vt=1 (56)
Vacts T Maces <1 Vs, Vt (57)
PacminMac,ts < Pacts < Pacmax Nacyt,s Vs, Vt (58)
Pact+1s — Pacits < RUyc Vs,Vt + 24 (59)
Pact—15s — Pacits < RDyc Vs,Vt #1 (60)

2.8. HV tanks constraints

The constraints (61) - (68) apply to the HV tanks' operation. Constraints (61) and (62) limit the
charge as well as discharge of HV tanks to their predefined allowable ranges. Equation (63)
states that at no time and no scenario, the energy level of HV tanks should not be less than the
minimum limit or more than the upper limit. Due to the constraint (64), it can be seen that it is
not possible to charge and discharge batteries simultaneously. The constraint (65) shows that
the initial energy level of HV tanks and their final energy level are equal. According to
Equations (66) and (67), at any given time, the energy level of each HV tank is obtained as
follows: the sum of initial energy level and energy level during charging minus the sum of
storage waste and discharging energy, which is absorbed from it. According to Equation (68),
batteries are idle mode when there are no HVs in the parking lot; the set of times when hvth
HV is not in the parking lot is defined by UTS},,.

Ny,ch t,sFCARymin < Froents < MhochtsFCRrymax VS, Vhy, Vit (61)

Nhw,dach,t,sFAChymin < Fry,achts < Mho,acht,sFAChhymax VS, Yy, Vt (62)

Enpmin < Envts < Enpmax VS, Vhv,Vt (63)

Nhychts T Mhvdehes <1 Vs, Vhv, Vt (64)

Ehv,ini = Ehv,end,s Vs,Vhv (65)
Fhy,achts Enprs + Enpe-1s

Ehv,t,s = Ehv,t—l,s - ) Vs,Vhy,Vt #1 (66)

+ Khv,chFhv,ch,t,S - th (

Khy,acn 2



Ehv,t,s + Ehv,t—l,s
2

F hv,dch,t,s

Ehv,t,s = Ehv,ini,s - + Khv,chFhv,ch,t,s — Lpy ( ) Vs,Vhy,Vt =1

Knv,acn

nhv,ch,t,s + nhv’dch‘t,s =0 Vs ,th, vVt € UTShU

2.9. Storage systems constraints

13

(67)

(68)

The constraints (69) - (75) apply to the ESS operation [60-63]. Constraints (69) and (70) limit
the charging as well as discharging power of ESS to their predefined intervals. Constraint (71)
states that at no time and in any scenario, the energy level of ESS should not be below the
minimum limit or beyond the upper limit. Due to the constraint (72), it can be seen that it is not
possible to charge and discharge ESS simultaneously. The constraint (73) shows that during
the operation horizon, the initial energy level of ESS and its final energy level are equal.
According to Equations (74) and (75), at any given time, the energy level of ESS is obtained
as follows: the sum of initial energy level and energy level during charging minus the sum of
storage waste and discharging energy, which is lessened from ESS. The constraints of TSS,
CSS and HSS can also be defined according to constraints (76) - (82), (83) - (89) and (90) -

(96), respectively [2, 59].

Ngss,ch,t,sFChessmin < Fesschts < NesschtsFCREssmax VS,V
Ngss,acht,sFAChgssmin < Fessachts < Ness,achtsFAChessmax VS, Vt
Rgssmin < Ressts < Ressmax VS,V

nESS,ch,t,s + nESS,dch,t,s < 1 Vs ’ vt

[Egss,ini = Ressenas VS

F, R +R

ESS,dchit,s essts T Ressi—1,s

Rissits = Resse-1,s — Koo + Kgss cnFess,ches — Liss ( > ) Vs, vVt #1
ESS,dch
F, Rpsses + R

SS,dcht,S Essts T Resse-1s _
Rissis = [Egss,ini — Ko + KgsscnFesschi,s — Liss ( > ) Vs,Vt=1

ESS,dch

Nrsscht,sF ChTSS,min < Frsscehts < NrsschtsF ChTSS,max Vs,Vt

Nrssach,t,s FAChTss min < Frssacnt,s < Nrss,ach,t,sFAChTss max VS,V
RTSS,min < RTSS,t,s < RTSS,max Vs :Vt

Nrsschts T Nrssdchts <1 Vs,V

[Erss,ini = Rrssenas VS

Frssa R +R
dch,t,s TSS,t,S TSS,t—1,5
Rrgsts = Rrssi—1,s — K + Krss.enFrssene,s — Lrss ( > ) Vs, vVt #1
TSS,dch
Frssachts Rrssis + Rysse—1,s
Erssits = IE7ss,ini — Ko + KrssenFrss,enes — Lrss < > ) Vs, Vt=1
TSS,dch

Ness,cnt,sFChessmin < Fessent,s < Nessent,sFChessmax VS,V

Ness,dcht,sFAChessmin < Fessacnit,s < Ness,deht,sFAChessmax VS, Vt

(69)
(70)
(71)
(72)
(73)

(74)

(75)
(76)
(77)
(78)
(79)
(80)

(81)

(82)

(83)
(84)
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Nesschts T Ness,dents <1 Vs, vt (85)
IEcss,ini = Ressena,s VS (86)
Fessacnt,s Ressits T Ressie-1,s
Ressis = Ressie—1,s — Ko + QcssFessent,s — Lcss( > ) Vs,vt #1 (87)
css,dch
Fessacnt,s Resses + Resse—1,s
Regsits = IEcss,ini — Ko + QcssFessent,s — Less ( > ) Vs,vt=1 (88)
css,dch
Ressmin < Ressits < Ressmax VS, VE (89)
NysschtsFChussmin < Fusschts < Mass,chtsFCRHss max VS, VE (90)
Nyss,dcht,sFAChyss min < Fuss,acnt,s < Nuss,dcht,sFAChyssmax VS, Vt (91)
Nysschts T NHssdches < 1 VS, vt (92)
[Eyss,ini = Russenas VS (93)
Frss,acht,s Rpssits + Russi—1,s
Rpssits = Russit-1,s — Koo + QnssFrss,cht,s — Lnss ( > ) Vs,vt #1 (94)
hsS,dch
Frss,dcht,s Rpssits T Russi-1,s
Rpsses = IEnss,ini — A + QnssFrsscnts — Lnss ( > ) Vs,Vt =1 (95)
hSs,dch
RhSS,min < RhSS,t,s < RhSS,max Vs, Vt (96)

3. Solution methodology

In this study, the problem of the unit commitment in EH is solved as mixed integer linear
programming nonlinear programming (MILP) framework using CPLEX solver in the GAMS
software. The Generalized Algebraic Modeling System (GAMS) software is a programming
language with high efficiency that is utilized for solving a broad range of optimization
problems. The CPLEX is considered as a suitable solver for the problems of the linear, mixed-
integer and quadratic programming. The CPLEX solver utilizes the algorithms of the primal
simplex, dual simplex, the interior point barrier and the mixed integer, and a network optimizer
along with the quadratic capability for tackling the optimization problems. The CPLEX uses
an infeasibility finder, as well as a branch and bound algorithm for solving the problems based
on LP and MILP.

In this paper, unit commitment is carried out in EHs with the aim of day-ahead scheduling of
EH components and imported energy carriers in a such way that the operation cost of the EH
is minimized and all constraints are satisfied. Figure 1 shows the solution method of the UC
problem in the EH using CPLEX solver in the GAMS software.
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Input Boiler Data, EHP Data, Absorption Chiller Data, Hydrogen Electrolyzer Data,
Input Data Hydrogen Vehicles Data. Input Electrical, Thermal, Hydrogen, Cooling and Gas Demands
and storage systems Data, PV Power Data, and, Electrical and Gas Prices Data for 24 Hours.

!

4 A / Operation Cost of EH \

Operation cost of EH = Purchased electricity cost from power grid + Purchased gas cost
from network + Load shedding cost + Start up and shut down cost + Demand response cost

Ob jective v Load shedding cost = Electrical load shedding cost + Thermal load shedding cost +
Function Hydrogen load shedding cost + Cooling load shedding cost + Gas load shedding cost
e ! demands

v' Demand response cost = Electrical demand response cost + Thermal demand
response cost + Hydrogen demand response cost + Cooling demand response cost +
Gas demand response cost

N U\ J
|

4 \
Energy balance constraints, Shift-up and shift-down constraints, Boiler, EHP, AC, HE

Constraints constraints, HV tanks constraints, Storage systems constraints, Start up and shut down
L constraints, Ramp up/down limits

Unit Commitment

J

CPLEX solver in GAMS software 5
ToSolve §: y \
¥ Minimize operation cost of EH by satisfying all
constraints
“ .. “’ L l J :
Optimal Best dispatch
Solution Schedule of Electrical, Thermal, Hydrogen, Cooling and Gas energies in EH, and

consequently achieving minimum operation cost of EH

'

Operation cost of EH, PV Power, Load shedding costs, Demand response cost, Start up and
shut down cost, Storage systems charge and discharge, Consumption and generation power
of AC, HE, boiler, Demands, Consumption power of EHP, and Generation heat and cooling
of EHP

Outputs

Fig. 1. Solution methodology of unit commitment problem in GAMS software
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4. Simulation results

In the paper, the unit commitment problem in the EH has been solved using the CPLEX in the
GAMS software. The studied EH includes CSS, TSS, ESS, HSS, a HV parking lot with 10
HVs, PV renewable source, AC, EHP, HE, and boiler. In order to meet the demands of Electric,
Hydrogen, Cooling, Heating, and NG by the energy hub, NG and power were considered as
inputs of EH. Figures 2 and 3 illustrate the studied EH's model. Electric, Hydrogen, Cooling,
Heating demands are responsive, and load shedding is considered. EH purchases NG and
electricity with a fixed and TOU tariff, respectively. Figure 4 shows time factors of demands
and PV power, while other EH's inputs are given in Table 1 [20, 64]. It is worth stating that the
hour 1 shows time period [0, 1] and hour 24 shows time period [23, 24]. Thus, hours 1 to 24
present the information of the whole day, perfectly. Operation horizon and operation resolution
are one day and one hour, respectively. The studied model is solved in two cases; without
considering the uncertainties and with considering the uncertainties of HV tanks, PV power,
and, Electric, Hydrogen, Cooling and Heating demands. In the following, two cases
respectively without and with considering the uncertainties have been investigated.

R S \; PV
> / @
L,
Power Grid | Electrical Demand
P
| 31(
HE | : \
— k J
. P
b 7,_ HSS ' Hydrogen Demand
V2G Hydrogen -
l’n:l(ei[::::ms & 2 & / : i :
‘ \ J
' Cooling Demand
N |
r e 1
i l EHP ; ‘
 GAS ,Kw,‘ =7 /
NG Boiler | Heating Demand

HSS

"

NG Demand
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Fig.2. A view of studied EH
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Fig.3. Another illustration of the studied EH with generators, energy storage systems, and connections
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Fig.4. Time factors of demands

Table 1. Input data of EH operation problem

19 20 21 22 23 24

Max. purchasable electricity 600 kW Peak electricity price 10 Cents/kWh

Max. purchasable NG 680 kW HVs number 12

Peak electric load 700 kW HVs unavailability time in parking lot 7-12

Peak thermal load 320 kW TOU peak price factor 1

Peak cooling load 150 kW TOU non-peak price factor 0.6

Peak hydrogen load 140 kW Boiler efficiency 0.90

Peak NG load 150 kW Peak hours of electricity tariff 12-15, 20-22

EHP cooling power 20-120 kW EHP thermal COP 35

EHP heat ramp-up/down 40-110 kW/h  EHP cooling COP 3.5

EHP start-up cost $4 COP of AC 0.76

EHP cooling ramp-up/down 20-110 kW/h  Electric DR incentive 1 Cents/kWh

EHP heat 20-110 kw Thermal DR incentive 05
Cents/kWh

EHP shut-down cost $4 Cooling DR incentive 0.4
Cents/kWh

NG price 3 Cents/kWh  Hydrogen DR incentive 0.4
Cents/kWh

AC shut-down cost $4 Participation factor for DR 0.2

AC cooling power 20-60 kW Lost electric load 1 $/kWh

AC ramp-up/down 30-45 kW/h Lost thermal load 0.4 $/kWh

AC start-up cost $3 Lost cooling load 0.4 $/kWh

boiler ramp-up/down 50-220 kW/h  Lost hydrogen load 0.4 $/kWh

Boiler start-up/down cost $10 PV capacity 420 kW

boiler heat 60-250 KW PV efficiency 0.95

4.1. Deterministic EH scheduling

In this section, deterministic UC in EH is solved. Table 2 shows the portion of different
components in the cost of EH operation. According to Table 2, the cost of the EH operation is
$979.469 and there is no load shed. Because all the electricity, hydrogen, thermal, cooling and
NG demands are fully supplied by the energy sources in the EH, while all demands are
responsive.
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Table 2. Different components of EH operation cost

Components Cost (%) Percent (%)
Purchased electricity 720.526 73.56
Purchased NG 225.918 23.06
Start-up and shut-down 7 0.71
Load shed 0 0
EDR 20.490 2.09
TDR 3.695 0.37
CDR 0.950 0.096
HDR 0.887 0.9
Total DR 26.024 2.65
Total cost of EH operation ($) 979.469

As shown in Table 2, 96.62% of EH operation costs are related to the purchase of NG and
electricity. NG and electricity purchase costs account for 23.06% and 73.56% of EH operation
costs, respectively. Incentives paid in response to electrical, hydrogen, thermal, cooling and

NG demands account for 2.65% of EH operation costs.
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Fig.5. Imported electric power and NG
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Figure 5 shows purchased electric power and NG of grid. For the studied EH, electricity is
purchased with a TOU tariff from the electricity grid, while NG has a fixed price. Due to the
high price of electricity during peak hours, the lowest amount of electricity is purchased from
the network at hours 12-15. According to the results, it can be seen that the prices of energy
carriers affect the schedule of imported energy carriers and EH components. However, due to
the low power in the studied EH versus the higher consumption, the EH provides its required

electricity by purchasing more electricity from the grid.
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In the studied EH, there are two inputs of electricity and gas and five demands. The gas energy
required by the hub can be supplied by purchasing gas from the gas network and the electricity
required by the hub can be provided by purchasing electricity from the network or by a PV
source. Loads can also be supplied in different ways. The gas required to supply the gas load
can be purchased from the network. Heat load can be supplied by boiler or EHP. Cooling load
can be provided by AC and boiler. The hydrogen demand is supplied by a HE. The electric
demand required by the hub can be supplied by a PV source or by purchasing electricity from
the grid. According to Figure 4, the amount of electricity purchased from the grid is more than
gas. This is because in the studied model there is only PV as a power producer and there are
several electricity consumers. Therefore, the hub provides its required electricity by purchasing
more electricity from the network.

Figures 6-10 indicate the schedule of electrical, hydrogen, cooling, thermal and gas energies in
EH including energy sources, converters, energy storage systems and DS program during the
24 hours. It is worth stating the hour 1 shows hour 0 to hour 1, and hour 24 shows hour 23 to
hour 24. Thus, hours 1 to 24 present the information of the whole day, perfectly.

\-Ess Discharge [ |Power Grid [ |PV [JIDR Down [ EHP [ |HE [ ESS Charge [ ]Load[__|DR Up \
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Electrical Power (kW)

Fig.6. Electrical energy balance in EH

According to the Figure 6, at hour 1, the maximum dispatched power is 600 kW. 570 kW of
this power is injected into EH and 5% is wasted in the transformer, while PV did not produce
any power; 176.471 kW is used for producing hydrogen in HE; 20.0071 kW is used for EHP;
43.066 kW, 275.38 kW are used to charge the ESS and supply electrical demand, respectively
and 55.076 kW shift-up occurred in the electricity demand. At all hours except hours 12 to 15
when the price of electricity consumption is at its highest, the electricity purchased from the
grid is used to supply electricity demand.
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Fig.7. Hydrogen energy balance in EH

According to the Figure 7, at hour 1, HE generates 150 kW hydrogen power. 41.73 kW and 50
kW of this power are used to charge HSS and HV tanks, respectively. 48.55 kW is used to
supply hydrogen demand and 9.71 kW shift-up occurred in the hydrogen demand. At all hours
except hours 12 to 15 when the price of electricity consumption is at its highest, the electricity
purchased from the grid is used to supply electricity demand. As can be seen from Figure 6,
the HVs receive 515.688 kW of hydrogen energy between hours 1-6 and 24 to charge hydrogen
tanks. In return, it injects 464.077 kW stored energy into the hydrogen network at hours 13-15
and 17-22 to supply hydrogen demand. It is clear that hydrogen vehicles with the ability of
V2G can provide some of the energy when there is not sufficient hydrogen in the hub for
supplying load.
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Fig.8. Cooling energy balance in EH

Figure 8 shows the schedule of cooling energy in the EH. At hour 1, 68.024 kW cooling energy
is generated by EHP and 20 kW by AC. 40 kW of this power is used to charge CSS; 40.02 kW
is used to supply cooling demand and 8.004 kW shift-up occurred in the cooling demand. In
other words, at hour 1, EHP and AC produced 88.024 kW cooling power as well met 40 kW
CSS+40.02 kW cooling demand. Thus, 8.004 kW shift-up in cooling demand occurred during
low demand hours. In this case, the EH uses the cooling storage system to provide the required
cooling energy for the loads and shifts the cooling load to reduce operating costs. A significant
point in the EH component schedule is changes in the EHP operation mode over time. The
capability of the EHP to change its operation mode has a significant impact on reducing the
cost of EH operations. At hours 1-4 and 20-24, when the cooling demand is low, there is no
need to use the EHP cooling mode and the AC alone meets the cooling demand. From hours
5-19, EHP is in cooling mode and meets the cooling demand; the AC turns off at hour 5.
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Fig.9. Thermal energy balance in EH
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Fig.10. NG energy balance in EH

From the point of view of thermal power distribution as per Figure 9, at 1 am, 191.494 kW NG

injects

into the boiler generates 172.3446 kW thermal power. 20 kW is used to charge TSS,

105.024 kW is consumed by the thermal demand, 26.3157 kW is injected into AC for

generat

ion of cooling power; thus, 212.0048 kW shift-up in thermal demand occurred during

low demand hours. As per Figure 10, at 1 am, out of 227.869 kW NG is purchased from NG
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network, 191.494 kW is injected into the boiler and 36.375 kW is used to meet the NG demand
of the EH.

4.1.1. Sensitivity analysis of EH operation cost to input data

In this section, the sensitivity of the EH operation cost to input data is examined. In this regard,
the sensitivity of electric, thermal, cooling, hydrogen and gas demands, PV power, and the
prices of the electricity and gas with respect to the EH operation costs are investigated by
changing the data from 0.7 to 1.3 with the Forecast error of 10%. The results of sensitivity
analysis are provided in Table 3. It should be noted that the value of

B is multiplied by the corresponding input data.
Table 3. Sensitivity analysis of EH operation cost to input data

Demand Power Price

B Electric Thermal Hydrogen Cooling Gas PV Electricity Gas
0.5 549.80 885.07 908.10 934.15  947.30 1177.69 618.07 864.41
0.6 630.39 901.20 921.14 943.11  953.73 1109.87 690.68 887.70
0.7 71250 917.03 935.15 951.84  960.17 1075.49 763.05 910.70
0.8 79748 934.14 948.57 962.69  966.60 1042.62 835.23 933.80
09 884.78 953.46 963.02 969.74  973.04 1010.91 907.38 956.78

1 97946  979.46 979.46 979.46  979.46 979.46 979.46 979.46
1.1 110149 1095.66  997.54  1012.93 985.91 950.19 1051.45 1002.52
1.2 1479.40 124462 1017.18 1066.99  992.35 922.20 1123.15 1025.11
1.3 205820 1413.32 1037.17 1118.62 998.79 894.57 1194.83  1047.16
1.4 3151.14 1573.73 105755 1185.01 1005.23 867.11 1266.52  1070.41
1.5 426250 1739.27 1078.76 1247.90 1011.66 841.34 1338.02  1095.01

According to Table 3, the operation costs of the EH are more sensitive to electric demand,
thermal demand and electricity price. While, the sensitivity with respect to cooling, hydrogen
and gas demands, PV power and gas price is less. The results indicate that increasing the
electric demand by 10%, 20%, 30%, 40% and 50% increases the EH operation cost by 12.45%,
51.04%, 110.13%, 221 .72% and 335.18%. While, decreasing the electric demand by 10%,
20%, 30%, 40% and 50% decreases the EH operation cost by 10.7%, 22.81%, 37.46%, 55.37%
and 78.14%. The significant increase in operation cost of EH at higher
B values of demands is due to the imposition of the cost of losing the load to the hub. Figure
11 displays the sensitivity of EH operation cost with respect to input data.
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4.1.2. Energy storage systems

The studied EH consists of electrical, hydrogen, thermal and cooling storages. Table 4 indicates
specifications of considered storage systems. In this section, charging and discharging power
of ESS, TSS, HSS and CSS and their effect on operation cost of EH are investigated. Figures
12-13 illustrate charging and discharging power of storages and their role in cost of EH operation.

Table 4. Input data of energy storages

Storages

ESS TSS CSS HSS
Min. charging power 20 20 20 10
Max. charging power 50 50 40 50
Min. discharging power 20 20 20 10
Max. discharging power 50 50 40 50
Charging efficiency 0.90 0.95 2 0.96
Discharge efficiency 0.90 0.95 0.95 0.96
Min. energy 30 30 30 20
Max. energy 200 180 150 200
Initial energy 30 30 30 30

Storage loss factor 0.001 0.001 0.001 0.001
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Figure 12 shows the charging and discharging power of electrical, hydrogen, thermal and
cooling storage systems, respectively. As shown in Figure 12, storage systems are charged
when demand and price of electricity are minimum, and are discharged at peak times of price
and demand, thus reducing the cost of EH operations. As per Figure 6, at hours 1-5 and 3, when
electricity prices and demand are low, the ESS is charged, and is discharged at hours 12-14 and
18-20. Also, at hours 1-4, when thermal demand is low, TSS is charged, and is discharged to
supply as thermal demand at hours 10-12. At hours 1, 6-7 and 18-19 when cooling demand is
low, CSS is charged, and is discharged to supply cooling demand at hours 2-4, 11-14 and 20-
22. In addition, at hours 1-3, 5 and 9-10, when hydrogen demand are low, the HSS is charged,
and is discharged at hours 11-13 and 18. Due to the cost of storage losses, EH storage systems
often operate in idle mode. It is predicted that by ignoring the costs of storage loss, the
frequency of charging and discharging storage systems will increase.
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Fig.13. Effect of storages on EH operation cost

In order to study the impact of ESS, HSS, TSS and CSS on EH operation cost, various
combinations of these storage systems are used. Figure 13 shows the effect of storages on EH
operation cost. The effectiveness of different storage systems on the cost of EH operations
depend on the following factors: EH model and components, energy carrier price profile,
demand profiles, charge/discharge/storage efficiencies, storages size and etc. According to
Figure 13, in the absence of storage systems, the operating cost of EH is $1093.509, while in
the presence of ESS, HSS, TSS, and CSS, the cost of EH operations is reduced by 1.46%,
0.42%, 4.61% and 6.19%, respectively. Thus, HSS has little effect on reducing the cost of EH
operations, while the effects of CSS and TSS are significant. The reason that HSS has less of
an impact on operation costs is that in the absence of HSS, HV tanks perform their functions.
Hence, the effect of HSS is negligible. They are charged when hydrogen demand is low and
when hydrogen demand is high, they inject hydrogen power into EH via V2G capability.

As a result, storages reduce the cost of EH operations by charging at minimum price and
demand, and discharging at peak times of price and demand.

4.1.3. Optimal operation of hydrogen vehicles

In this paper, a parking lot with 10 HVs has been utilized. Data of HV tanks is presented in
Table 5. Figure 14 shows the charging and discharging power of HVs and their effect on EH
operation cost. It is worth noting that the hour 1 shows hour 0 to hour 1, and hour 24 shows
hour 23 to hour 24. Thus, hours 1 to 24 present the information of the whole day, perfectly.

Table 5. Data of HV tanks

HV tanks
Max. and Min. charging power 50,10
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Max. and Min. discharging power 50,10
Charging and discharge efficiency 0.96
Max. and Min. energy 80,10
Initial energy 20

Storage loss factor 0.001
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Fig.14. Charging and discharging power of HVs

Figure 14 shows the charge and discharge modes of HV tanks. As shown in Figure 14, at hours
1-6, when hydrogen demand is 35% lower than the peak time and the load is at its lowest, the
tanks of hydrogen vehicles are charged. HV tanks are discharged at hours 13-15 and 17-22
when there is a peak demand for hydrogen and the grid needs hydrogen energy to supply the
hydrogen demand. Charging HV tanks during hours when hydrogen demand are low, and
discharging them when hydrogen demand are high will reduce the cost of EH operations.

In order to evaluate the effect of HVs on EH operation cost, the relationship between the
number of HVs and the cost of EH operation has been investigated. For the studied EH with
10 HVs, the cost of an EH operation is $979.4699. In the absence of HVs, the cost of the EH
operation is $1007.781; HV tanks reduce the cost of EH operations by 2.9%, or $27.31. HV
tanks are charged at times when hydrogen are low, and inject hydrogen power into EH via their
V2G capability, at times when hydrogen demand are high, reducing the cost of EH operations.
However, in order to discover the relationship between the number of HVs and the cost of EH
operation, the operation costs should be examined by decreasing and increasing the number of
HVs. Figure 15 indicates Effect of HVs number on EH operation cost.
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According to Figure 15, it can be seen that always increasing the number of HVs does not
reduce the cost of EH operations and the optimal number of HVs in the parking lot is 7. When
the number of HVs changes from 7 to 15, the cost of EH operations is increased. In the presence
of 7 HVs, the cost of the EH operation is $979.339. When the hub uses as much charge and
discharge as it needs to charge the hydrogen storage, increasing the number of hydrogen
vehicles, that is, increasing the number of hydrogen tanks, increases the storage losses.
Therefore, increasing the number of hydrogen vehicles more than the optimal number does not
reduce operating costs. Naturally, the optimal number of hydrogen vehicles in the hub results
in optimal operating costs.

4.1.4. Demand response program

In this section, the impact of different DR programs on EH operations cost are examined.
According to the results shown in Figure 16, it can be seen that DR programs generally reduce
the cost of EH operations by 27.58% or $373.034. According to the results, electric DR,
hydrogen DR, thermal DR and cooling DR reduce the cost of EH operations by 15.89%, 0.22%,
7.96% and 2.71% and respectively, so electric DR is more effective than the other three. It is
worth noting that demand response and storage systems have similar effects, as they both try
to reduce renewable resource fluctuations.
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Figures 17-20 show the shift-up/down electric, hydrogen, thermal, and cooling demands,
respectively. It is worth stating that the hour 1 shows hour 0 to hour 1, and hour 24 shows hour
23 to hour 24. Thus, hours 1 to 24 present the information of the whole day, perfectly. As
shown in Figures 17-20, demands are met in such a way that some of the demands shift from
peak hours of demand and energy carrier prices to times of lower energy demand and price,
thus reducing the cost of EH operations. According to Figure 17, shift-up in electric demand is
observed at 1-11; during this time period, the maximum shift-up is observed for electric
demand for time during 1-7 and 10-11. This maximum shift-up for electric demand is due to
the fact that in these time periods, the maximum DR participation constraint acts as a binding
constraint with the aim of reducing EH operation costs. The maximum shift-down in electricity
demand is observed at hours 18-20; during this 2-hour period, the price of electricity has peaked
and the demand for electricity is high. Also at hours 18-22, the peak of electricity prices and
the maximum shift-down in electricity demand are observed. As shown in Figure 18, at hours
1-11 the hydrogen demand is low and shift-up in the hydrogen demand is observed; also, at
hours 18-23, the hydrogen demand is high and shift-down is observed in the hydrogen demand.
The maximum shift-up and shift-down in hydrogen demand are observed at hours 10-11 and
20-21, respectively. As shown in Figure 19, at hours 1-10 and 21-24 the thermal demand is low
and shift-up in the thermal demand is observed; also, at hours 12-19, the thermal demand is
high and shift-down is observed in the thermal demand. The maximum shift-up and shift-down
in thermal demand are observed at hours 20-21 and 14-15, respectively. According to Figure
20, at hours 1-9 and 22-24 the demand for cooling is low and shift-up occurs in the cooling
demand, while at hours 10-11 and 14-20, shift-down in cooling demand is observed. The
maximum shift-up and shift-down in cooling demand are observed at hours 8-9 and 15-16,
respectively.
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4.1.5. Effect of contingencies on the EH operation

In the section, impact of contingency events on the operation of the EH is evaluated. In this
regard, three contingent events including outage of EHP, outage of boiler and outage of power
grid are considered, and the EH performance under these contingencies is studied. It is also
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point out that all of the outages occurred during hours 21-24. Table 6 represents the results of
the EH operation in the different outages.

Table 6. Different components of EH operation cost in different contingencies

Outage

Boiler ($) EHP (3) Power Grid ($)
Operation cost 1178.768 1025.336 2236.642
Purchased electric cost 720.149 708.985 650.400
Purchased NG cost 205.208 237.598 237.598
Total shed cost 206.48 41.823 1313.618
Thermal shed cost 111.320 8.086 -
Cooling shed cost 95.159 33.737 24.969
Electrical shed cost - - 1288.648
Start-up/shut-down cost 21 11 15
EDR cost 20.490 20.490 14.102
TDR cost 3.105 3.490 3.692
CDR cost 1.448 1.110 1.110
HDR cost 0.887 0.837 1.119
DR cost 25.930 25.929 20.025

As shown in Table 6, the outage of the boiler, EHP and power grid led to shedding load. When
the boiler and EHP are removed, electrical and hydrogen demands are fully met while the
thermal and cooling demands are not supply completely. For this reason, the hub has to pay
$206.48 and $41.823 as the load shedding cost for the failure to supply the thermal and cooling
demands, respectively. Therefore, the shedding costs related to the thermal and cooling
demands led to the incremental operation costs. The operation costs of the EH due to the boiler
and EHP exit are equal $1178.768 and $1025.336, respectively.

When the power grid is exited, thermal and hydrogen demands are fully met while the electrical
and cooling demands are not supply completely. For this reason, the hub has to pay $1288.648
and $24.969 as the load shedding cost for the failure to supply the electrical and cooling
demands, respectively. Therefore, the shedding costs related to the electrical and cooling
demands led to the incremental operation costs. The operation cost of the EH due to the power
grid exit is equal $2236.642, respectively.

It is worth noting that the hydrogen demand is fully supplied despite the exit of the power grid.
This is particularly due to the presence of hydrogen vehicles (HV tanks) in the model as well
as the hydrogen storage system and demand response. Figure 21 displays scheduling of
hydrogen energy with the power grid outage during hours 21-24. It is obvious that hydrogen
vehicles have the most impact in supplying hydrogen demand during the outage hours. As
mentioned in section 4.1.2, energy storage systems reduce operating costs by charging at low
load and discharging at peak load. In this case, hydrogen vehicles with discharge at hours 21-
24, assist to supply the hydrogen demand.
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Figures 2224 display the generated heat by boiler and EHP, and purchased power from grid
in different contingencies during hours 21-24.
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Fig.22. Generated heat by boiler in different contingencies

Figure 22 shows the heat generated by the boiler in various outages at the hours 21 to 24.
According to the Figure 22, the heat generated by the boiler without the outage of the
equipment at hours 21 to 24 is equal to 250, 207.20, 146.45 and 101.70 kW, respectively. When
power grid and EHP are removed, the boiler generates the maximum possible heat to supply
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the hub heat demand. The heat generated by the boiler at hours 21 to 24 is equal to 250, 250,
250 and 221.7 kW, respectively. When the power grid and EHP are removed, the boiler
produces the maximum possible heat equal to 250, 250, 250 and 221.7 kW during hours 21-24
to supply heating demand. However, according to Table 5, the hub has to pay 8.086$ as the
cost of losing heat load for failure to supply heating demand. The unsupplied heating power at
the outage of the EHP according to Tables 1 and 6 is equal to 8.08/$0.4=20.215 kW. It can be
seen from Table 6 that the heating demand is completely supplied by the boiler and the EHP
when the power grid is disconnected. Hence, there is no cost of losing heating demand.
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Fig.23. Generated heat by EHP in different contingencies

Figure 23 indicates the generated heat by the EHP in various outages at the hours 21 to 24.
According to the Figure 23, the heat generated by the EHP without the outage of the equipment
at hours 21 to 24 is equal to 120, 120, 120 and 120 kW, respectively. When boiler is removed,
the EHP generates the maximum possible heat to supply the hub heat demand. When the power
grid is removed, the EHP produces the heat of 20.27 kW at the hour 22 to supply heating
demand. It can be seen from Table 6 that the heating demand is completely supplied by the
boiler and the EHP when the power grid is disconnected. Hence, there is no cost of losing
heating demand.
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Fig.24. Purchased power from grid in different contingencies

Figure 24 displays the purchased power from grid in various outages at the hours 21 to 24.
According to the figure 24, the purchased power from grid without the outage of the equipment
at hours 21 to 24 is equal to 585.09, 537.19, 600 and 548.57 kW, respectively. When the EHP
is disconnected, the hub purchases less electricity from power grid. The purchased electricity from
grid at hours 21 to 24 is equal to 543.16, 495.26, 600 and 506.63 kW, respectively. However,
according to Table 6, when power grid is exited, the hub has to pay $1288.648 as the cost of
losing electric load for failure to supply electric demand. The unsupplied electricity at the
outage of the power grid according to Tables 1 and 6 is equal to 1288.648/$1=1288.648 kW.
This is because the hub has lost its largest source of power supply.

It is worth stating that according to Table 6, when boiler, EHP and power grid are exited, the
hub has to pay $95.159, $33.737 and $24.969 as the cost of losing cooling load for failure to
supply cooling demand. The unsupplied cooling power at the outage of the boiler, EHP and
power grid according to Tables 1 and 6 is equal to 237.89 kW, 84.34 kW and 62.4 kW,
respectively. This is because the hub has lost its largest source of power supply.

4.2. Stochastic EH scheduling

In this section, by considering the uncertainties related to the electric, thermal, cooling and
hydrogen demands, the initial energy level of the HV tanks in the parking lot and PV power,
the stochastic UC model for the EH is solved and the expected operation cost of EH is
minimized. Uncertainty of 154 input data is considered. This number of uncertain input data
includes PV renewable resource, demands of electric, hydrogen, thermal, cooling and NG, and
the initial energy of HV tanks.
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For considering uncertainties of demands, PV and HV tanks energy, 3000 scenarios as initial
scenarios are generated by Normal or Gaussian Probability density function (PDF) in the
MATLAB software. In probability theory, the Normal or Gaussian PDF is a type of continuous
probability distribution function that is used to generate random values. The Probability
Density Function for the normal distribution is expressed by Equation (97).
B 1 —(ch—ét)z o7
y=flxluo) = T

where, X is a random variable, p is the mean and o is the standard deviation.

Uncertain input data including electric, thermal, hydrogen, cooling and gas demands, the PV
during 24 hours and the initial energy level of HVs are considered as the mean and the standard
deviation or forecast error is considered 5% in order to generate these 3000 scenarios. Due to
the time limitations and high number of decision variables and constraints, and also in order to
trade off between accuracy and computational complexity, it is not possible to consider all
possible scenarios. Therefore, all possible scenarios are reduced to smaller number of
scenarios. In this case study, 3000 scenarios generated are reduced to 10 scenarios by the
SCENRED module in GAMS software.

The SCENRED module is a tool for the reduction of scenarios. The scenario reduction
algorithms provided by SCENRED determine a scenario subset and assign optimal
probabilities to the preserved scenarios. The reduced problem is then solved by a deterministic
optimization algorithm provided by GAMS. Many solution methods for stochastic programs
employ discrete approximations of the uncertain data processes by a set of scenarios (i.e.,
possible outcomes of the uncertain parameters) with corresponding probabilities. The reduction
algorithms determine a subset of the initial scenario set and assign new probabilities to the
preserved scenarios. While, all deleted scenarios have probability zero. In other words, deletion
will occur if scenarios are close or have small probabilities [65].

The SCENRED module includes three reduction algorithms of the Fast Backward method, a
mix of Fast Backward/Forward methods and a mix of Fast Backward/Backward methods that
each of them is different in terms of accuracy and running time. Fast Backward method has the
best performance in terms of running time in problems with the high scenarios. The Forward
method is the best method in terms of accuracy when the scenarios number is small. The results
of the Forward and Backward methods are more accurate, although they have a longer
computational time. In addition, if the Forward or Backward algorithms are completed within
the execution timeframe, combined methods can improve the results of the Fast Backward
algorithm.

As mentioned, 3000 scenarios generated in the MATLAB software are reduced to 10 scenarios
by the SCENRED module in the GAMS software, while Backward reduction algorithm is
selected for reduction of scenarios to 10 scenarios in such a way relatively acceptable
approximation of the uncertain performance of the system is maintained. In this case,
simulations are carried out by considering the probability of 10 scenarios reduced and uncertain
input data.
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In the Backward reduction algorithm, all scenarios are initially placed in a set of reduced
scenarios. In the method, one scenario is deleted from the initial set of scenarios during each
iteration with small probability of occurrence and also with the shortest distance between the
main set and the reduced set of scenarios. This process is repeated until the number of reduced
scenarios reaches the desired value. The detailed procedures of the Backward reduction
algorithm can be seen from Refs. [66-68]. The probabilities of the reduced scenarios are
presented in Table 7.

Table 7. Probability of reduced scenarios
Scenario number 1 2 3 4 5 6 7 8 9 10
Probability 0.250 0.127 0.072 0.064 0.074 0.069 0.077 0.099 0.087 0.080

The operation costs and expected values of costs for different scenarios in Tables 8-9 are
indicated. As can be seen from Table 8, each scenario has its own operation costs and these
values change according to the amount of generation and load in that scenario. Therefore, there
are different and higher operation cost of EH than expected operation cost in the various
scenarios. Higher severity of uncertainties increases the higher operation costs.

Table 8. EH operation costs

Scenarios
Components ($)
S1 S2 S3 S4 S5 S6 S7 S8 S9 S10
Operation cost 985.40 981.27 98291 980.15 984.60 967.35 991.70 983.81 977.92 982.78

Purchased electric cost ~ 722.28  720.94 721.14 71461 72096 705.31 72421 718.42 71447 719.04
Purchased NG cost 230.27 227.30 229.11 232.03 230.78 22559 23270 232.14 230.46 230.37

Total shed cost 0.32 3.80 1.47 0.18
Start-up/shut-down cost 7.00 7.00 7.00 7.00 7.00 7.00 7.00 7.00 7.00 7.00
EDR cost 20.23 20.38 2066 2059 2069 20.84 20.68 20.36 20.56  20.55
TDR cost 3.88 3.83 3.36 3.69 3.98 3.55 391 3.90 3.63 3.99
CDR cost 0.97 0.95 0.83 1.06 0.95 0.94 0.98 1.03 0.98 0.94
HDR cost 0.77 0.88 0.81 0.85 0.24 0.31 0.76 0.78 0.82 0.89
DR cost 25.85 26.03 2566 26.19 2586 25.64 2633 26.07 25.99 26.36

Table 9. Expected components of operation costs

Components ($) Values
Exp. operation cost 981.539
Exp. purchased electric cost 718.375
Exp. purchased NG cost 229.802
Exp. total shed cost 0.413
Exp. start-up/shut-down cost 6.993
Exp. EDR cost 20.461
Exp. TDR cost 3.795
Exp. CDR cost 0.964
Exp. HDR cost 0.733
Exp. DR cost 25.954

In the seventh scenario, the operation cost is at its maximum. In this scenario, 96.46% of the
operation cost is related to the cost of purchased energy from the grid, which includes 73% of
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the cost of purchased electricity from the grid and 23.46% of the cost of purchased gas from
the NG. In addition, 2.65% of the operation cost is related to the DR cost, 0.7% is related to
start-up and shut-down costs and 0.14% is related to shed cost of demands. In the scenario, the
EH can not supply the total demand due to the lack of produced and purchased energy and the
large load. In such conditions, the EH after purchasing the maximum energy from the network,
has to shed an amount of load. In this regard, the EH has to pay $1.47 as the cost of losing load
for the failure to supply the demand. Thus, load shedding cost, the cost of purchasing energy,
demand response cost and subsequently the EH operation cost increase, resulting the higher
EH operation cost in this scenario than other scenarios.

In contrast, in the sixth scenario, the operation cost is at its minimum. In this scenario, 96.23%
of the operation cost is related to the cost of purchased energy from the grid, which includes
72.91% of the cost of purchased electricity from the grid and 23.32% of the cost of purchased
gas from the NG. In addition, 2.68% of the operation cost is related to the DR cost, 0.7% is
related to start-up and shut-down costs and 0.39% is related to shed cost of demands. In this
scenario, the amount of generation is at its maximum and the amount of load at its lowest is
relative to the forecast. Therefore, the operation cost and demand response cost is the lowest.

Table 9 presents expected components of operation costs. The expected operation cost is equal
to $981.539. According to the Table 7, 96.60% of the operation cost is related to the cost of
purchased energy from the grid, which includes 73.18% of the cost of purchased electricity
from the grid and 23.41% of the cost of purchased gas from the NG. In addition, 2.64% of the
operation cost is related to the DR cost, 0.7% is related to start-up and shut-down costs and
0.042% is related to shed cost of demands.

Figure 25 shows the electrical power purchased from the grid in different scenarios. It is clear
that in scenarios 7 and 1 the maximum power can be purchased from the network. Thus, the
operation cost of the EH in these scenarios is higher than the other scenarios.
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5. Conclusions

In this work, a stochastic model has been designed for UC in EHs, which consist of electric,
hydrogen, thermal and cooling storage systems, absorption chiller, EHP, PV unit, boiler, HE,
and an intelligent HV parking lot. NG and electricity are input energy carriers, and demands
are NG, cooling, heating, hydrogen and electricity. Uncertainty of the initial energy of HVs,
PV power, and demands were modeled, and loss of storage systems and HV tanks were also
taken into account. The effects of hydrogen vehicles, storage systems, demand response on EH
operation costs have been studied.

The results show that the EH operation cost is reduced by 27.58% in the presence of DR,
storage systems by 12.68%, and HVs by 2.9%. According to results, electric DR is more
effective than hydrogen, thermal and cooling demand responses. Electric DR, thermal DR,
cooling DR and hydrogen DR decrease the cost of EH operations by 15.89%, 7.96%, 2.71%
and 0.22%, respectively. In addition, it can be found that the operation cost of EH in the
presence of ESS, HSS, TSS, and CSS, the cost of EH operations is reduced by 1.46%, 0.42%,
4.61% and 6.19%, respectively. Thus, HSS has little effect on reducing the cost of EH
operations, while the effects of CSS and TSS are significant. The reason that HSS has less
impact on operation costs is that in the absence of HSS, HV tanks perform their functions.
Hence, the effect of HSS is negligible. The results also show that hydrogen vehicles improve
the cost of EH operations by 2.9%, or $27.31. According to simulations, it was found that
increasing the number of HVs does not necessarily reduce the cost of EH operation.
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Furthermore, the simulation results of the various contingencies effect on the EH operation
show that the hydrogen demand is fully supplied despite the exit of the power grid. This is
particularly due to the presence of hydrogen vehicles (HV tanks) in the model as well as the
hydrogen storage system and demand response. While, the EH has to pay $119.406, $153.865
and $1288.648 as the cost of losing load for the failure to supply the demands of thermal
cooling and electric when the boiler, EHP and power grid exit, respectively.
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