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Abstract

Increased penetration of renewable energy sources (RESs) with non-uniformly distributed patterns as well
as growing power consumption in industrialized countries have created an urgent need to use the backup
energy supply units to boost the flexibility of bulk power systems. One of the prominent solutions is to
deploy large-scale energy hubs in industrial parks to use the potentials of multi-carrier energy networks
as additional reserves for power systems. However, centralized management of networked energy hubs
may not be compatible with the power system operator when they are managed by private owners.
Motivated by this observation, a privacy-preserving decision-making structure is proposed in this paper
for collaborative operation of private industrial energy hubs (IEHs) and the renewable power system by
considering high penetration of RESs, where the renewable power system operator (RPSO) interacts with
industrial energy hubs operator (IEHO) in a leader-follower fashion. The proposed distributed structure
is decomposed into a master problem and several sub-problems based on the Benders decomposition
algorithm and solved in a decentralized manner to respect the private ownership of IEHs. A hybrid
robust-stochastic approach is adopted to address the uncertainties of renewable power generation and the
energy demands of local industrial consumers. Also, the impacts of the multi-energy demand response
program (DRP) and energy storage systems on improving the performance of the integrated renewable
energy system are investigated. The competency and robustness of the proposed collaborative decision-
making structure and its benefits are examined through several case studies conducted on the IEEE 30-bus
test system. Results show that if IEHs are successfully deployed in industrial parks, the total operation
cost of the renewable power system decreases by up to 60%, renewable power curtailment reduces by 30%,
and flexibility of the renewable power system enhances by increasing spinning reserve.
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Electrical energy storage.
Industrial energy hubs.

Industrial energy hubs operator.
Photovoltaic.

Power-to-heat.

Renewable power system operator.
Renewable energy sources.

Wind farms.

Index of blocks of the piecewise linearization of the quadratic cost
function.

Indices of thermal units and electrical energy storages.
Index of industrial energy hubs.

Indices of transmission buses.

Indices of CHP units and P2H storages.

Indices of electrical and heat loads connected to industrial energy
hubs.

Index of electrical loads connected to renewable power system.
Index of scenarios.

Index of hourly intervals.

Indices of WFs and PV parks.

Superscripts indicating charging and discharging status.

Fuel consumption cost coefficients of thermal unit g.
Coefficient of P2H storage performance.

Initial and final amounts of generation cost in block d of the linearized
cost function of thermal unit g.

Rate of incentive for electrical and heat demands variation.
Bus-= and hub-= incidence matrices.
Forecasted electric demand at hour ¢.

Initial electrical and heat demands connected to industrial energy
hubs.

Ramping up/down limits of thermal unit g.
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Iteration numbers for Benders decomposition.

Equivalent reactance of line j.

Minimum on/off times of thermal unit g.

Forecasted renewable power output of WFs and PV parks at hour ¢.

Initial and final amounts of power produced in block d of the lin-
earized cost function of thermal unit g.

Maximum deviation of WF w and PV park p from forecasted values
at hour ¢.

The amount of exchanged power, which is determined in the master
problem.

Start-up/shut-down ramp limit of thermal unit g.

Duration of periods that thermal unit g has been online/offline prior
to the first interval of the operating horizon.

The slope of each block of the linearized cost function of thermal unit
g.

Length of each block of the linearized cost function of thermal unit g.
Natural gas price and natural gas heat value.

Maintenance cost of CHP unit, electrical storage, and P2H storage.
Efficiency coefficient of various units.

Participation rate of electrical and heat demands in multi-energy
DRP.

Uncertainty budget of renewable generation.
Penalty prices for wind and solar power curtailments.
Probability of each scenario.

Minimum/maximum bounds of variables.

Energy level of electrical and P2H storages at hour ¢ in scenario s.

The operation cost of CHP unit k, electrical storage e, and P2H stor-
age ¢ in scenario s.

Incentive compensation cost of multi-energy DRP in scenario s.

The total operation cost of renewable power system and industrial
energy hub h.

Minimized sum of slack variables for industrial energy hub h at iter-
ation tp.

Heat production by TEHS’ facilities at hour ¢ in scenario s.

Heat production by P2H storage ¢ in direct mode of action at hour ¢
in scenario .

The optimal operation cost of industrial energy hub h and total op-
erational cost at iteration tp.

Power output of various generation units at hour ¢ in scenario s.



Pg,t,s The power produced in block d of the piecewise linear cost function

of thermal unit ¢g at hour ¢ in scenario s.

Plo, P)Y Minimum/maximum available power output of thermal unit g at hour
t.
PCyyts, PCpy s Wind and solar power curtailments of WF w and PV park p at hour
t in scenario s.
PFjj:s Power flow on line #j at hour ¢ in scenario s.
PD{y ., HDI", Final electrical and heat demands profile at hour ¢ in scenario s.
SUCy 4, SDCy Start-up/shut-down costs of thermal unit ¢ at hour ¢.
up dw Electrical demands change after multi-energy DRP implementation at hour ¢ in
API t,s? APZ t,s ;
b scenario s.
up dw Heat demands change after multi-energy DRP implementation at hour ¢ in
AHntsﬂAHnts :
b b scenario s.
Oit,s Voltage phase angle at bus ¢ at hour ¢ in scenario s.
U() s Binary variable to indicate status of facilities.
Yg,ts Vg, Binary variable to indicate the status of thermal unit g at hour t.
Ttlj it Aiz hits Dual variables to create the optimality cutting plane and feasibility
cutting plane.
his Eha s Slack variables for the feasibility check.
Buw,t,s Bp,t.s Degree of the output power uncertainty of WF w and PV park p at
hour t¢.
Tx,t.ss Et,s Auxiliary variables in robust optimization model.
Functions
Fy(Pyt.s) Fuel cost function of thermal unit g at hour ¢ in scenario s.

1. Introduction

1.1. Motivation and significance

Nowadays, due to lack of proper facilities, such as lines’ capacity, as well as ever-escalating power
consumption, restructured power systems face fundamental challenges to guarantee the stable operation
of the entire power system and satisfy technical constraints [I]. At the generation side, the penetration
of intermittent renewable energy sources (RESs) in power systems has dramatically increased, owing
to concerns about rising energy prices [2], environmental problems [3], and reliability requirements [3].
Although the utilization of high-power RESs, such as wind farms (WFs) and photovoltaic (PV) parks
has been proven to be an effective solution to address the existing concerns, the inherent variability
and non-uniform distribution of these sources have posed remarkable challenges for the safe operation
of renewable-based power systems [4]. According to some strong evidence, due to the aging of power
systems infrastructure, renewable power system operators (RPSOs) are obligated to curtail a significant
percentage of produced renewable power, especially at high penetration levels, to maintain the stability

and reliability of power systems [4 [5].



20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

On the other hand, running on-site generation in large subscribers sites (e.g., industrial parks) has
received considerable attention in recent years. For example, on-site energy production in the industrial
sector of the U.S. in 2012 accounted for about 4% of the total power produced in the same year [6].
Accordingly, industrial parks have become one of the most influential players in the electrical industry
with the significant development they have had in recent years. The strategic role of industrial parks
in advancing power systems plans was extensively evaluated in recent studies from the perspective of
industrial consumers [7] and RPSO [8]. Most of these studies have emphasized the use of backup power
sources like electrical energy storage (EES) or energy conversion facilities to continuously supply industrial
demands [9]. Therefore, it is obvious that the traditional power systems and the installed protection
equipment are not suitable for compensating the excessive generation/load, yet upgrading the existing
power systems for short periods of operation is not economical.

Thanks to the recent advances in the modernization of interconnected energy systems, energy hub
systems have emerged as a promising platform in the form of multi-vector energy systems to overcome the
technical challenges as well as mitigate the potential risks associated with various players in power systems
[10]. The energy hub systems are composed of multiple input/output ports that create a stable interface
between different energy networks with regards to the advanced energy conversion facilities and energy
storage systems. These systems can provide unique economic and technical benefits for energy market
players and energy network operators and planners [I1]. From the power system operators’ point of view,
energy hub systems can boost the flexibility and reliability of power systems, enhance the resiliency of
the system, reduce operation cost, and decrease energy-wasting [12]. In addition, from the perspective of
energy system planners, the establishment of energy hubs in industrial parks, as a major energy consumer
[13], can help to realize the theory of localization of sustainable energy production and consumption [I4].
Implementing this mechanism not only increases the flexibility of the interconnected energy systems, but
also enables industrial consumers to actively participate in wholesale energy markets and take advantage of
existing opportunities in different layers of energy networks [I5]. On this basis, the industrial energy hubs
(IEHs) could be networked to form a multi-vector community at the sub-transmission and transmission
levels. In these circumstances, each IEH is managed by a private owner, which aims to supply local
demands using the existing facilities in energy hubs or via bilateral energy exchange with wholesale
energy markets at the lowest operating cost. The private IEHs are recognized as independent entities,
and these entities should cooperate with the power system in a privacy-preserving way [16]. Moreover, the
technical constraints must not be sacrificed to the existed distributed mechanisms. Accordingly, ensuring
the optimal collaborative operation of multiple private IEHs and power systems without compromising
privacy provisions is a challenging problem, especially when the various uncertainties are considered in
the scheduling process [17]. Therefore, it is necessary to draw up a holistic decentralized decision-making
structure for the coordinated operation of private IEHs and power systems to determine the optimal
energy dispatch among various players in the wholesale energy markets. By doing so, the power system
operator and industrial energy hubs operator (IEHO) can separately pursue their own goals within the
framework of the restructured energy systems.

In the following, various studies on the optimal operation of networked energy hubs are briefly reviewed
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and then the technical contributions of this paper are presented.

1.2. Related literature

Due to the scope of this paper, there exists a large body of related studies that were focused on optimal
operation of networked energy hubs in power systems by incorporating RESs. In general, the related lit-
erature is categorized according to whether optimization programs were provided based on a traditionally
centralized dispatch approach or a decentralized framework. In terms of the centralized energy dispatch
of networked energy hubs, authors of [18] presented a centralized optimal energy management strategy
for the coordinated operation of grid-connected energy hubs in day-ahead electricity market. In the same
work, the decision-making about the integrated operation of the power system and energy hubs was made
by a common master controller in a centralized manner. A robust operation strategy for networked en-
ergy hubs was presented in [19] considering the uncertainty of renewable power production and demand
response programs (DRP). The main aim of that work was to reduce the total operation cost of multiple
energy hubs during the scheduling interval. In [20], a cost-effective centralized program was developed for
microgrids embedded with energy hubs with regards to the stochastic programming method and DRPs.
In a different approach, a multi-objective optimization program was developed in [2I] with the aims of
minimizing the total operation cost of multiple energy hubs as well as reducing greenhouse gas emissions.
In this work, the produced power by RESs was considered as an uncertain parameter and was modeled
by a scenario-based method. A multi-step linearization method for the interconnected energy hubs was
examined in [22], which minimized the total operational cost of the networked energy hubs during the
scheduling period. Moreover, in [23], a two-level optimization problem was proposed for determining
optimal bidding/offering strategy of multiple networked energy hubs in the day-ahead electricity market
considering different sources of uncertainty. The problem was developed in the form of the centralized
dispatch approach, which was managed by the power system operator.

In addition to the utilized centralized decision-making schemes, there have been considerable efforts
in the research community to integrate energy hubs into power systems in decentralized and privacy-
preserving manners. In these kinds of studies, various distributed methods such as alternating direction
method of multipliers (ADMM) and decomposition methods were established to define decentralized
optimization problems for sustainable exploitation of networked energy hubs. For example, in [24], a
distributed energy management framework was derived from ADMM method to determine the optimal
scheduling of networked energy hubs. Authors of [25] proposed an auction-based regulation service mech-
anism for economic dispatch of the large-scale energy hubs in the context of the wholesale electricity
market. The proposed mechanism was solved in a decentralized manner using ADMM technique. In [26],
a distributed robust optimization method was proposed for making private coordination between energy
hubs and the power system considering the market price uncertainty. In that work, robust optimization
was considered to realize the worst-case of uncertain parameters in multi-carrier energy systems. In [27],
the leader-follower theory was applied in the framework of Benders decomposition for the optimal dispatch
of networked energy hubs. This theory can establish privacy-preserving collaborations among individual

energy hub operators and the power system operator. Finally, in [28], 29], distributed energy management
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methods based on the decomposition algorithm were proposed for the robust optimal energy dispatch of
grid-connected energy hubs considering the uncertainty of renewable power generation.

By examining the above-mentioned studies, it can be seen that the principal focus of the technical
literature was on the optimal exploitation of multiple networked energy hubs aimed at reducing the total
operation cost of the multi-carrier energy systems. Nevertheless, ignoring the challenges posed by the high
penetration of RESs is the major gap in the aforementioned studies. It is worthwhile to mention that,
to the best of our knowledge no prior study in this field investigated the effects of new energy conversion
facilities, such as power-to-heat (P2H) storage, on improving the performance of the integrated renewable
energy systems in the presence of flexible demands and high-power and large-scale RESs. In addition,
very few studies in the literature have addressed the unique benefits of multi-energy DRP in advancing
the desired objectives of the energy system operators. Overall, we argue that the previous literature lacks
detailed models to address the various flexibility options, so further studies are needed to design a holistic

decision-making framework with respect to all available flexibility options.

1.8. Technical contributions and paper structure

This work aims to fill the knowledge gaps mentioned in the previous sub-section by applying a purely
mathematical-technical perspective. To this end, a privacy-preserving structure is presented for optimizing
RPSO/IEHO collaborations in an iterative manner by considering high penetration of WFs and PV parks.
The main objectives of the distributed optimization problem are to minimize the total operation cost of
the renewable power system and IEHs, reduce renewable power curtailment, and enhance the flexibility of
the integrated renewable energy system via realizing optimal coordination between different players. To
clarify the main contributions of this paper, the features of the proposed model are compared with other

published papers in Table [I} Eventually, the technical contributions of this study are as follow:

(1) A scalable and efficient structure with low complexity is proposed to determine the optimal day-
ahead operation of the renewable power system in coordination with private IEHs within the privacy-
preserving decision-making framework. In this regard, a decentralized two-stage robust-stochastic
security-constrained unit commitment (SCUC) model is developed for the collaborative operation
of networked IEHs and the renewable power system to facilitate the coordinated operation of RPSO

and IEHO as well as to preserve the operational privacy of these parties.

(2) A generalized Benders decomposition algorithm is employed to solve the proposed distributed robust-
stochastic model, which is in line with the prevalent leader-follower (RPSO-IEHO) relationships in
the energy management of the integrated renewable energy system. In the formed decomposition-

based program, both RPSO and IEHO seek common goals with respect to privacy provisions.

(3) A hybrid robust-stochastic strategy is implemented to handle the enforced operational uncertainties
associated with the renewable power output of WFs and PV parks and the energy demands of local
industrial consumers, and also to create less conservative and more trustworthy approaches. In

this regard, the robust optimization technique is employed to model uncertainties associated with
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Table 1: Comparison of the contributions of related literature with the proposed structure.

References ~ Operation Privacy Coordinator Resources P2H DRPs Uncertainty
mode storage modeling
[18] Centralized Sharing all data Central ECF + EES X X Deterministic
supervisor
[19] Centralized Sharing all data Central ECF + EES X v Robust
supervisor + RESs
[20] Centralized Sharing all data Central ECF + RESs X v Stochastic
supervisor
[21] Centralized Sharing local Central ECF + EES X X Stochastic
data supervisor + RESs
[22] Centralized Sharing all data Central ECF + EES X X Deterministic
supervisor
[23] Centralized Sharing all data Central ECF + EES X v Stochastic
supervisor + RESs
24 Decentralized Sharing power PSO ECF + EES X X Deterministic
trading amount + RESs
[25] Decentralized ~ Sharing power PSO ECF X X Deterministic
trading amount
[26] Decentralized Sharing power PSO ECF + EES X X Robust
trading amount + RESs
27] Decentralized Sharing power ESO ECF + EES X X Deterministic
trading amount
28] Decentralized ~ Sharing power ESO ECF + EES X X Robust
trading amount + RESs
[29] Decentralized ~ Sharing power ESO ECF + EES X X Robust
trading amount + RESs
Proposed  Decentralized Sharing power RPSO ECF + EES 4 v Hybrid
model trading amount + RESs robust-stochastic

*Note: ECF-Energy conversion facilities; PSO-Power system operator; ESO-Energy system operator

WFs and PV parks output powers, and the two-stage stochastic approach is used to handle the

uncertainties caused by the energy demands of local industrial consumers.

(4) In addition to the above points, the proposed joint optimization structure is extended based on the
multi-energy DRP, EES, and P2H storage to minimize the total operation cost, immunize the power
system in confronting the challenges of high-power RESs, as well as enhance operational flexibilities

of the renewable power system by increasing spinning reserve.

The structure of this paper is organized as follows. Section [2] explains the proposed structure and
presents the two-stage stochastic mathematical model for the optimal operation of the renewable power
system in coordination with IEHs. The robust optimization method for handling the uncertainty of re-
newable power generation is presented in Section In Section W] the decentralized approach for the
collaborative operation of multiple networked IEHs and renewable power system is explained. The nu-
merical simulation and results for evaluating the proposed structure are provided in Section [5} Finally,

conclusions and future works are drawn in Section

2. Formulation of the proposed structure

In this section, the proposed distributed optimization model is formulated to ensure the optimal
collaborative operations of networked IEHs with the renewable power system in the presence of various
flexibility tools. The proposed model is composed of two independent entities, which are operated by

separate decision-makers. The first entity has to do with RPSO as well as the private owners of IEHs are
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considered as the second independent entity. The graphical description of the proposed structure is shown
in Fig. As can be seen, an integrated renewable energy system comprises a set H of H = |H| IEHs,
power transmission system interfaces, WF, PV park, and local industrial consumers. In the proposed
structure, IEHs and local industrial consumers are managed by IEHO, and the rest of the system (i.e.,
WF and PV park) are managed by RPSO. Each IEH is equipped with combined heat and power (CHP)
units, EES, and P2H storage. An IEH has two input ports (electricity and gas connectors) and two output
ports (electricity and heat connectors). The input ports are related to the purchased energies from the
renewable power system and natural gas network, and output ports are used for trading electricity and
thermal energy with industrial consumers, the district heating network, and the renewable power system.
In other words, IEHO interacts with RPSO via bi-directional communications for creating an economic
and secure operation using the constrained transmission system. On the contrary, IEHO has one-way
collaboration with natural gas (at input ports) and district heating (at output ports) networks. In the
developed decentralized structure, the privacy of operation data is preserved since the RPSO will not
need all operation data of IEHs. To preserve the private ownership of IEHO, the conflicts of exchanging
electrical power between RPSO and IEHO are resolved by the Benders decomposition algorithm in an
iterative procedure. In this regard, the integrated two-stage robust-stochastic optimization model is
decomposed into a master problem and a sub-problem considering the uncertainties of wind and PV
generation as well as electricity and heat demands in the industrial customers’ side. The master problem
is handled by RPSO to determine day-ahead robust SCUC, and the sub-problem is solved independently
by IEHO for optimizing the operation of IEHs by relying on the two-stage stochastic programming. The
details of the day-ahead robust-stochastic SCUC formulation for each decision-maker are described in the
following sub-sections. At first, the two-stage stochastic SCUC problem is developed for the proposed
privacy-preserving model, which will be updated in Section [3| to implement the hybrid robust-stochastic

concept.
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Fig. 1: Structure of decentral operation for multiple networked IEHs.
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2.1. Decision-making of RPSO

The objective of RPSO’s decision-making process is to minimize the total operation cost of supplying
electrical loads outside of IEHS’ services territories by thermal units and curtailing renewable power in
optimal coordination with IEHO over the entire day-ahead scheduling horizon. The objective function
formed to model this process, which is given in , contains two stages. The first stage includes the costs
of start-up and shut-down of thermal units. This stage is independent of the stochastic process, therefore
the start-up and shut-down costs are applied to all scenarios. The second stage of the objective function
corresponds to the operation cost of thermal units and renewable power curtailment costs for WFs and
PV parks. The second stage decision variables in the proposed two-stage stochastic programming model
depend on the fluctuations in electricity and heat demands in the industrial customers’ side, which are

defined by different scenarios.
Min :

CRPS = S | 32 (SUC, 4+ SDCyy) + X 0y - <Z Fy(Pyts) +oe( 22 PCuyys + > PC, ,t,s)>
teT | geg s€S 9€G weW pEP
(1)

2.1.1. Thermal units modeling

In this paper, the quadratic fuel cost function of thermal units is accurately approximated by a
set of piecewise blocks to avoid complicating the optimization problem. The linearization process of the
quadratic cost function using the least-squares criterion is illustrated in Fig. [2} The analytic representation
of the linearization process is presented in — [30]. According to these equations, the fuel cost of
thermal units can be defined by .

A 2
F,(P,)=a,P/ +b P, +c,

g gt g gt

Cd

g.fi

Fig. 2: Piecewise linear approximation of thermal units’ quadratic cost function.

d d
0< Py,t,s < APg “Ug,t

, Vg.t,s,d, (2)

Pg_Pg

AP; = ’Di I vg7d7 (3)

d _ d
P!, =(d—1)-API+ P,

., Vg,d, (4)

10
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Py =Py + AP | g4, (5)

Pg,t,s = & T Ug,t + Z pg’t,ﬁ s Vgat7 S, (6)
deD
2
d d d
Cg,in = a’g ’ <Pg,in> + bg ’ Pg,in + Cg B V,g,d? (7)
d d 2 d
Co.pi = ag° (Pgﬂ) by Pyites, Vg, (8)
cd ., —cd,
d _ ~g.fi g,in
Zg - AP_{? ) v.g7 d7 (9)

Fy(Pyu,s) = ag 'i;+ by - Py +cg - g, + Z (Zg -pg,t,s)
deD

The technical constraints of thermal units are presented by — [31]. The thermal units ramp-
rates constraints for continuous intervals are indicated by -. The power produced by each thermal

) v.gat78' (10)

unit is limited by upper and lower bounds as expressed by . The upper bound of the accessible power
output of thermal units is constrained by shut-down ramp rate, i.e., , as well as by ramp-up and
start-up ramp rates, i.e., . In addition, the lower bound of the accessible power output of thermal
units is enforced by and ([16). Constraints and specify the on/off states of all units.

Py S Pors S PJY | Wgot,s, (11)

P;Zt) < pg (ug,t — vg,t+1) +SDg - Vg 111 , Vog,t, (12)
P;fg < Pyi-1+RUg-uge1+SUg-Ygt | Vg, t, (13)
P >0 vy, (14)

P2 Py uge | Vg, (15)

Pyit1— Pyt <RDg-uge+ SDg gt | Vg,t, (16)
Yg,t — Vgt = Ugt —Ugt—1 , Vg,t, (17)

Ygr +790 <1 Vg,t. (18)

Inequities — express minimum up/down times limits of each thermal unit. Constraints ((19))-
are applied to satisfy the minimum up time constraint in the initial, middle, and final periods of the
scheduling horizon, respectively. Likewise, the minimum down time limits can be formulated as —.

Mg

D (L—ugs) =0 vy, (19)
t=1
g = min { T, (XG5 ~UTS) -ugo} , vy, (20)
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v+XGg" -1

Yo e 2 XGPYgu Vg, v=[ug+ 1., T — XGO 41], (21)
t=v
T
Z(ug,t_yg,t) >0 , ng v = [T*XGZ"#*Q,,,T], (22)
t=v
Sg
> Ut =0 vy, (23)
t=1
Sy = min {’T, (XGgff - DT;)) (11— ugyo)} , Vg, (24)
v+ XGo—1
S (U—ug) > XG vy, vy v=lg 41, T — XG4+ 1], (25)
t=v
T
Z(lfugﬂg*’ygﬂg) ZO R Vg’ vV = [T—XGgff+2,,T] (26)
t=v

where g and ¢, represent the numbers of initial periods that thermal unit ¢ must be online and offline.
The start-up and shut-down costs are expressed as constant values as and , respectively.

SUCy, > sucg - yYgu,  SUC,, >0 , Vg,t, (27)

SDCg,t > Sng “Vg.ts SDCg’t >0 Vg7t (28)

2.1.2. Renewable power system technical constraints

The technical and operational constraints - must be applied to the safe operation of the
renewable power system [31]. Constraint ensures the curtailment rate of each WF/PV park cannot
exceed the forecast values. The linearized DC-power flow model is used to calculate the amount of power
flows from bus ¢ to bus j which is presented in . The power flow in each line and voltage angle of
each bus is restricted by its minimum and maximum limits, which are expressed by and . It
should be noted that, the value of the voltage angle in the slack bus must be equal to zero. This critical
constraint is expressed by . The electrical demands of the renewable power system should be met by
the output power of the thermal units, WFs, and PV parks as well as the power exchanged with IEHs
considering the power flow limits between the system buses. Hence, the power balance constraint at bus
j can be described by . The amount of transferred power from the renewable power system to IEHs
and vice versa should be limited by . Note that, P} + s is considered as a free variable. The positive
amount shows the imported power from the renewable power system into the IEHs and the negative

amount demonstrates the delivered power from IEHs into the renewable power system.

0<PCors <P, e l{wphts (29)
Sivs — 6
PFj,, = —0 202 , Vi, j.t,s, (30)
xij
—PF;; < PFij1s < PFij | Vi jt s, (31)
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< dips S HT Vit s, (32)

6slack,t7s =0 , Vt, S, (33)
Z KNi,g : Pg,t,s + E KNi,w : (Pg;,t - PCw,t,S) + Z KNi,p ’ (P;f,t - PCp,t,S>_
g€eg wew peEP 34)
(
Z KNi,h'Ph,t,s_ Z KNi,m'PDmﬂ:: EKN PFz],ﬁéW Vi,t,s,
heH meM JET
Py < Puys <Ph, Vhts. (35)

2.2. Decision-making of individual IEHs

Each TEH (Vh) possesses EES, CHP unit, and P2H storage as the energy conversion facilities, for
supplying local electricity and heat demands in industrial parks while interacting with RPSO. In the
proposed decentralized approach, the energy hub model can be easily developed to include other energy
conversion facilities. In the decision-making process of each IEH, the aim is to minimize the total operation
cost of each IEH over the entire day-ahead scheduling horizon considering the uncertainty of local industrial

consumers’ demands. The objective function of private IEHs is formulated in and as follows:

Min : CTEHO — ZCIEH7 (36)
heH
D YT IES SIS S T R
s€S  kek qeQ e€& (Lin)e
(L,N)

The first term of (i.e., C,?f P indicates the fuel and maintenance costs of CHP units, which can
be calculated by [32]. The second term (i.e., CL'2H) refers to the maintenance cost of P2H storages,
which can be defined by . The EES degradation cost (i.e., C’eEf ) due to frequent charge and discharge
is considered in the third term. The accumulated degradation cost of EESs in IEHs are characterized by
(40) [27]. Eventually, the final term (i.e. C%DGR of (37) represents the multi-energy DRP compensation
cost, where the incentive compensation costs paid to the industrial customers to perform the multi-energy

DRP can be defined as [33]. These cost functions are determined by the optimal scheduling of private

IEHs in the optimal coordinated operation with the renewable power system.

A
CCHP Z (# “Prts)+ (pr- Prgs) |, Vk,s, (38)
ter 'k

CP2H qu Hg,}:t s Hj(;ths) ; Vq,s, (39)

teT
CES =Y pe- (P +PEM) | We,s, (40)

teT
CHRR =" [(IE X (AP, + AR + (TH < (AH  + AH, oﬂ CWhns (4D)

teT

The operational constraints governing IEHs are described below.
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2.2.1. CHP units constraints

The heat and electric power produced by CHP units have mutual dependence, which is determined
by the special feasible operation region (FOR) for each unit. The feasible region model associated with
the considered CHP units in this article is shown in Fig. [3] The operational boundary (ABCD) of CHP
units can be formulated by linear constraints, as given in — [34]. In these constraints, M is a large
number (e.g., 1000). Moreover, constraints and ensure that the power and heat production of
CHP units are at the acceptable levels.

Output power

A vw)
Alx.y1)

D(X4y)

-
Output heat (MWth)

Fig. 3: FOR model for CHP units.

Poa—Pyp
Pyts— Pra — (Hyps — Hpa) <0 Yk ¢, s, (42)
H,,—H,p
P.p—Pic
Pris— Prp I~ (Hypo —Hpp) > —(L—uy, ) M | Yk t,s, (43)
k,B k,C
Poc—Pip
Peis—Poc— ﬁ (Hyps —Hpo) > =1 =y, )M | Vit s, (44)
k,C k,D
& : uk,t,s S Pk,t,s S ?k : uk,t,s , Vk,t, S, (45)
0<Hy, <Hp-ug, K Vkts. (46)

2.2.2. P2H storages constraints

The operational constraints related to P2H storages are defined as —. The dynamic energy
balance of the P2H storage in each hour is expressed by . The capacity limit of the P2H storage is
given by (48). The initial (¢ = 0) and final (t = T) state of charge of the P2H storage is limited to ([49).
The allowable ranges of charging and discharging thermal energy in this storage are limited by and
7 respectively. The generated thermal energy by the P2H storage can be delivered to the industrial
customers (or district heating networks) or stored in the reservoir, as stated in . Here, constraint

demonstrates the allowable limit for input power from the renewable power system into the P2H storage.
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The inequality ensures that each P2H storage cannot simultaneously charge and discharge.

Ags = (1 =1g) - Agu—1,s + H;,}ft,s - Hf,ifls = Bioss - SUq t,s + Bgain - SDy1 s . Vg, t,s, (47)
Ag < Agis < Ay , Vaq,t,s, (48)

Agos =AqTs , Vs, (49)

0= Hehyo < HF uglho | vgt,s, (50)

0 < Hy's < HJ - ugfls | vg,t,s, (51)

Hé‘f%,s + Hi@fs =COF;- Py, , Vgt s, (52)

0< P, <P, Vgts, (53)

ch dch
Ugps T Ugps <1

Vaq,t,s. (54)

ch
q,t,s

dch

and ug',

where the binary variables (i.e., u ) represent the charging and discharging status of P2H

storages.

2.2.3. EES system constraints

The operation of each EES is defined by the following relationships. Based on , the electrical
energy level of each EES in a scheduling interval is calculated. The capacity level of each EES should be
restricted in its minimum and maximum limits, which is modeled by . According to , the state of
charge of each EES must be equal to A, o s at the end of the scheduling period. The charge and discharge
limitations of each EES are imposed by and , respectively. Eventually, constraint (60)) is used to
avoid charging/discharging of each EES at the same time.

dch

Acts =Acy1s 0" P, — nil’ct: , Ve, t,s, (55)
e

Ao <A <A , Ve, t,s, (56)
Acos =AeTs | Ve,s, (57)
P ull S PG S PP Vet,s, (58)
Pl < PL S PER uldl et s, (59)
uh +ud <1 et s, (60)

where the binary variables (i.e., ugf;,s and ugct’g) model the charging and discharging status of EESs.

2.2.4. Multi-energy DRP constraints

DRP is one of the most flexible tools for the management of IEHs behavior to interact effectively
with the renewable power system by exploiting the economic opportunities available in the industrial
customers’ side. In this paper, multi-energy DRP is performed to minimize the total operation cost of the

integrated renewable energy system, reduce renewable power curtailments, and enhance the flexibility of
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the renewable power system by creating optimal coordination between RPSO and IEHO in an iterative
manner. DRPs are divided into two categories: the price-based DRP and the incentive-based DRP. In this
study, multi-energy DRP is considered based on the incentive-based manner, which is performed using
direct load control (DLC) program. Hence, the incentive compensation costs are paid to the participating
customers in the form of the DLC program. Based on and , the DLC program is performed on
the electrical and heat demands with respect to the percentage of participation of each consumer in the

multi-energy DRP. After the implementation of multi-energy DRP, the final electrical and heat profiles
are determined using and [33].

AP < qp x PDI" Vi, t, s,

Lt,s l,t,s?

(61)
AP <oy x PDJY, Vit s,
AHg»Z;S S Qi X HD;??,sv VTL, ta S,
(62)
AHg,,Lg,s S Qp X HDiZ}Z,s? vnvta S,
PD{i = APT — AP% + PDJY, Vi t,s, (63)
HDgrt,s = AHZ,I;,Q - Anglt),s + HDZ?:,‘; an t,s. (64)

2.2.5. IEHs’ energy balancing

The IEHO manages the energy balance in each IEH by considering localized energy generation, energy
curtailments, as well as power imported/exported from/to the renewable power system. Constraints
and are used to make the energy balance between energy consumed by local demands (i.e., PDliZ}fs
and H D;"gs) and generated/traded energy in each IEH. It should be noted that the modified energy

demands after implementing multi-energy DRP are used rather than the initial energy demands in the

supply-demand constraints.

Ph,t,s"’ E KNh,e'(PdCh _PCh )+ Z KNh,k'Pk,t,s - Z KN}hq'Pq,t,s

eck b b kel qeQ (65)
— > KNu;-PD{; . =0,  Vht,s,
lel
>, KNpj - Hips + 3 KNpg (Hi' — HZ  + HJY L)~
ke qeQ (66)
> KNh,n'HDthszoa Vh,t,s.
neN '

3. Hybrid robust-stochastic model

In the above-described model, the uncertainty of renewable generation was neglected and the output

power of WFs and PV parks was perfectly forecasted. Since the uncertainty of RESs is more vital than
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the energy demands, the RPSO prefers to apply a risk-based method to handle the uncertainty associated
with renewable powers, while the IEHO tries to manage the fluctuations of electrical and heat demands
of local industrial consumers using stochastic programming based on a Monte-Carlo (MC) simulation.
Compared to the stochastic programming, which requires the probability distribution function (PDF) or
fuzzy membership set of uncertain parameters, the robust approach describes uncertain parameters by
descriptive statistics. Therefore, in such models, complex calculations resulting from scenario counting
are avoided. In the proposed privacy-preserving decision-making structure, the mathematical definition
of the distributed robust-stochastic approach to realize the worst case is as follows.

After adopting the budget of uncertainty, the uncertainty set of WFs and PV parks is described by
— [35]. The degree of uncertainty of RESs in period ¢ can be controlled by variable 5, ;. The
value of 3, ;s = 0 demonstrates that there is no uncertainty in renewable power production in period ¢,
while 3, ;s = 1 demonstrates that the maximum renewable power uncertainty occurs in period . The
robustness level of the solution can be controlled by the budget of uncertainty (i.e., I';). The budget of
the uncertainty parameter can change from 0 to 1 in each scheduling interval. The greater value of T’
(e.g., 1) means that RPSO has selected a highly conservative state in period ¢. In contrast, a lower value

of I'; means that the uncertain parameter is almost neglected in period ¢.

Pw,t S |:P£7t - Bw,t,s . Pz,ta Pa{t + ﬁw,t,s : Pm,t:| ) Yz € {w,p}, t7 S, (67)
0<Bats <1 Va&e{wp}t,s, (68)
Z Buw,t,s + Z Bpis STt Wi, s. (69)
weW pEP

Based on the uncertainty model of the RESs presented in —, the renewable power curtailment
constraint, which was shown in , and energy balance constraint, which was shown in , can be

converted to and , respectively.

0< PCyys < Pa{,t + Bosys  Pots Vo € {w,p}, 1,5, (70)

S KNy (Pl —Buts Pot) > 3 KN;y PCoys+ S KNipy-PDpyt

TeX reX meM (71)
> KN;jPFijis— > KNig-Pyrs— > KNin-Prts, Vae {wplit,s.
JET geg heH

Subject to: and

According to the duality theory [36], constraint (7I)) can be converted to (72)-(74).

S KNiy (Pl —r0s) — (615 Ti) = X KNiy-PCuys+ S KNjum-PD,, ,+

TeEX zeX meM (72)
> KN;j-PFjys+ > KNip-Phys— > KNig-Pyis, Vazc {w, p},i,t, s,
JET heH geg

Tats +ts = Pot, Vo € {w,p},t,s, (73)
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Tets:€ts 2 0, Vo e {w,p},t,s. (74)

where 7 ;o and €; ; are the dual variables of the initial problem. The constraint can also be trans-

formed into based on the duality theory.

0 S PC:r,t,s S P;Z,t + ’rw,t,s + gt,s : Ft7 VSC € {w,p},t, S. (75)

After performing this mathematical process, the distributed robust-stochastic SCUC model can be
formulated as mixed-integer linear programming (MILP) problem, which can be solved using commercial

optimization packages. The summary of the proposed model is as follows.

e Objective function of the leader: RPSO aims to minimize the total operating cost by .
e Constraints of the leader problem:
1. Applying thermal unit constraints based on —.
2. Applying renewable power curtailments constraints based on .
3. Satisfying technical limitations based on —, , and —.
e Objective function of the follower: IEHO aims to minimize their own operating costs by —

)

e Constraints of the follower problems:

—_

. Applying CHP units constraints based on —.

[\

. Applying P2H storages constraints based on (47))-(54).

w

. Applying EES systems constraints based on —.

4. Performing multi-energy DRP based on —.

ot

. Satisfying energy balance limitations based on and (66)).

4. Decentral solution methodology

The proposed distributed robust-stochastic SCUC problem is in an MILP format that guarantees the
global optimal solution. However, the operating problem of the renewable power system and IEHs are
interdependent through , which due to this constraint, it is not possible to solve the optimization
problems separately. Based on , the RPSO and IEHO are coupled with the hourly scheduling and
exchange of electrical power at IEHs’ nodes. To address this issue, the standard Benders decomposition
algorithm is applied to solve the proposed collaborative operation model in a decentralized manner while
preserving the privacy of RPSO and IEHO. Benders decomposition algorithm is one of the most efficient
decomposition techniques, which is used in power systems. The details of the implementation of the
Benders decomposition algorithm are given in [37].

The Benders decomposition can be utilized to exploit a separable framework for the two-stage robust-

stochastic SCUC problem, where this problem is decomposed into an optimization problem as a master
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problem for RPSO and several optimal operation problems at the level of IEHO as sub-problems, which
will be solved separately.

(I) Master problem (MP): RPSO is responsible for ensuring the operational security of the renewable
power system and tries to minimize the total operation cost, including operation cost of thermal units
and compensation cost of renewable power curtailments according to the optimal trade policy of power

with IEHs. The general structure of the master problem at iteration ¢, is formulated as .

e - AT otal
Min : 0,7,

OTotal CRPS+ Z Oapp
heH

s.t. Operational constraints of the leader problem, (76)
Feasibility cutting plane,

Optimality cutting plane.

where O}"" is a non-negative continuous variable that represents the operation cost of the IEH h as
approximated by the RPSO. At each iteration, RPSO minimizes the total operation cost (i.e., OAtj;"t“l) as
an effective lower bound (LB) of the optimal robust-stochastic SCUC model by considering all available
Benders cuts constraints (LB = Otz;Ot“l).

(IT) Sub-problem of the hth IEH: After solving the master problem at each iteration, the optimal
power trade schedule in the form of a tentative solution is passed to sub-problems that can be handled
in parallel by individual IEHs. The IEHO determines the optimal dispatch of each IEH in two phases.
In the first phase, IEHO checks whether the power exchange schedule obtained from the master problem
is practically feasible by considering operational and technical constraints in each IEH operation. The

feasibility check sub-problem for the hth TEH at iteration t; is stated as:

- IE
Min : Ftb,hts ghts—"_gh,t,w
s.t. Operational constraints of followers problems,
. (77)
Prts +8hts = Punts t &t (AL i)

ghts7 htsZO'

where Ptb h,t,s is related to the power exchange amounts, which is obtained from the master problem.
Moreover, fh ts and fh i s are non-negative slack variables, and Atb hts 1S the dual variable associated
with the first constraint of the problem . For a non-zero optimal objective value ( thEhIi s #0),
the determined power trade schedule via the master problem is infeasible. Hence, inequality (78]) as the

feasibility cut should be created and provided back to the master problem.

FIER AL e (Ph,ms - Ptb,hx,s) <0. (78)

But if the optimal objective value Fth Ehh; 5 equals to zero, the determined power trade schedule will be
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feasible. In this case, the optimal values of all slack variables will be equal to zero. Upon completion of the

feasibility check phase, the IEHO will solve the optimality sub-problem in the second phase as presented

n .

o YIEH
Min : O s

OfFf! = S one | CEIP+ S CES + 5 CRi s & linr,

sES kex ec& qeQ (I,n)e
(L) (79)
s.t. Operational constraints of followers problems,
Phis = Pones (T8t

where O}EH signifies the minimized operation cost for the Ath IEH under the determined power trade
schedule, and Tt}; hts is the dual variable associated with the second constraint of the problem .
After that, an effective upper bound (UB) of the optimal two-stage robust-stochastic SCUC model can

be calculated by .

UB = O} + 3" (O{EF — oprP). (80)
heH

In each iteration, the convergence criterion of the Benders decomposition algorithm must be checked
to decide whether it is necessary to perform the next iteration. A generally used convergence criterion is

stated below:

UB - LB| <e. (81)

where € is a pre-defined value that indicates the convergence threshold. But if the convergence criterion
is not met, the optimality cut should be constructed according to , and then added to the master

problem. The flowchart of the proposed problem-solving process is shown in Fig.

ATEH P s
Otb,h + Tty hot,s (Ph,ts - Ptmh,t,s) < OZ”’- (82)

5. Case study and numerical results

In this section, the developed collaborative decision-making structure is applied to the modified IEEE
30-bus test system to validate the feasibility and efficiency of the proposed decentral optimization program.
The scheduling horizon is one day (7 = 24) with one-hour time slots. The numerical case studies are
implemented in the environment of GAMS software on a personal computer with an Intel CoreTM i7-4500
CPU and 6-GB RAM. The proposed MILP problem is solved by commercial solver MOSEK in which the
relative gap and the solution time limits are adjusted to 0.1% and 10000 s. Moreover, the convergence

tolerance of the Benders decomposition algorithm is set at 0.05%.
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Fig. 4: Flowchart of the proposed algorithm.

5.1. Simulation setup

The topology of the modified test system is shown in Fig. This test system is composed of two
integrated areas. The first area is related to the renewable power system, which includes 30 buses, six
conventional thermal units, 2 WFs, 2 PV parks, and 21 electrical loads. Bus 1 represents the slack bus,
with a voltage phase angle of zero. All technical specifications associated with the 30-bus test system
are provided in [38]. It should be noted that the capacity of transmission lines and technical parameters
of thermal units were adjusted according to the peak load. The second area covers the two industrial
parks that are equipped with IEHs. IEHs are committed to providing the electrical and heat demands
of local industrial consumers located in industrial parks. Two IEHs are respectively located at buses 21
and 30, which are indicated by IEH1 and IEH2. Each IEH consists of a CHP unit, a EES system, and a
P2H storage. Thus, in the whole integrated renewable energy system, there are two CHP units, two EES
systems, and two P2H storages.

The predicted values related to each WF and PV park productions, as well as the hourly forecasted
energy demands of all entities, are shown in Figs. [fland [7] The rated capacity of WFs, PV parks installed
on buses 12, 21, 23, and 30 are equal to 275, 325, 185, and 335 MW, respectively. It should be mentioned

that candidate buses for the installation of RESs were selected in accordance with the results of the
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Fig. 5: Schematic of the proposed test system.

Gas flow

planning study carried out in [39]. In addition, all RESs produce active power at unity power factor.

The share of each bus from the hourly electrical demand is presented in Fig. Moreover, heat loads

connected to the buses 21 and 30 have 40% and 60% share of the total heat demand, respectively. The

characteristics of energy conversion facilities installed in IEHs are adopted from [40] and scaled to achieve

180 MW of thermal energy. The essential technical characteristics are given in Table

0.95
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w (5} D ~
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T
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0.0
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Fig. 6: Forecasted output power of each WF and PV park.

The penalty cost of renewable power curtailment (i.e., II,.) is set to 120 $/MW that is higher than

wo  the highest marginal cost of available thermal units, and the natural gas price (i.e., Aq) is assumed to be
15 $/MWh [40]. The maintenance costs of CHP units (i.e., p) and P2H storages (i.e., pq) are considered
27 $/MW and 50 $/MW, respectively [4I]. Also, the EES degradation cost (i.e., p.) is 50 $/MW [27].
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Fig. 8: Load share of each bus from hourly electrical demand of 30-bus test system..

Table 2: Specifications of the available equipment in IEHs.

Parameter Amount Parameter Amount
Nk, Mg 0.35, 0.05 Ay, A, (MWh) 0, 60
neh pdeh 0.9, 0.9 Ph Peh (MW) 5, 20
Py, P, (MW) 45, 160 Pgeh pdeh (MW) 5, 20
Hi, H, (MW) 0, 115 Ae, Ac (MWh) 0, 60
P, (MW) 40 Bioss, Bgain 0.3,0.6
Heh, Hdis (MW) 20, 20 COP, 1.5

The incentive values for implementing multi-energy DRP are set to 20 $/MWh and 10 $/MWh for the
electrical and heat loads, respectively. Furthermore, the coefficients a; and «,, are assumed to be 15%
and 10%, respectively.

Five case studies are considered to investigate the impact of the proposed structure on improving the

performance of the integrated renewable energy system. These include:

e (ase 1: The optimal collaborative operation of the high-renewable power system and IEHs is
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analyzed in a decentralized manner. In this case, IEHs are equipped with only CHP units and
various uncertain parameters are not considered;

e (ase 2: The EES system is plugged into existing IEHs, and then the effects of electrical storage on
case 1 are investigated;

e (lase 3: Case 2 is developed with considering the role of P2H storage in achieving the desired goals;

e (lase 4: The benefits of implementing multi-energy DRP on improving the techno-economic per-
formance of the integrated renewable energy system are evaluated according to the IEHs formed in
case 3. In this case, the uncertainties of renewable power production and energy demands are also
ignored.

e (lase 5: The proposed robust-stochastic SCUC model is applied to manage the uncertainties of the
renewable power production and energy demands of the local industrial consumers with respect to

privacy provisions. In this case, multi-energy DRP and all energy conversion facilities are considered.

The schematic of the proposed problem-solving process is shown in Fig. [0}

Performing the day-ahead SCUC
problem in decentralized manner

e Solve deterministic SCUC model using
Benders decomposition algorithm,

o Evaluate the impacts of various flexibility
tools to achieve the desired goals.

o

Modeling various entities to Performing the hybrid robust-
execute privacy-preserving stochastic model
model
o Define high-renewable power system o Analyze the role of various uncertain
structure by considering WFs and PV parameters in creating various
parks, challenges.
o Deploy IEHs into the industrial parks,
o Specify input parameters along with
lower/upper bounds of each constraint.

Fig. 9: The required steps to perform the simulation process.

5.2. Comparative results with/without various tools

To perform the collaborative operation scheme in terms of power trades, RPSO and IEHO optimize the
scheduling of local energy resources by satisfying several operational/technical constraints in the renewable
power system and IEHs. Figs. and show the total operation cost of the renewable power system
and IEHs at each iteration of the Benders process for each case study. As can be seen, it takes 5, 5, 8, and
10 iterations to reach optimal results in cases 1 to 4, respectively. After proceeding the iterations, RPSO
coordinates the scheduled power exchange with IEHO at each hour, according to the governing targets in
each entity.

The hourly traded power between IEH1/TEH2 and the renewable power system for each case study
are shown in Figs. [I2] and [I3] respectively. The negative values for traded power indicate that IEHs
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are willing to deliver the surplus power to the renewable power system. As can be seen in these figures,
regarding the capacity in each industrial park, IEH1 has more power demand from the renewable power
system than IEH2 during the scheduling horizon. Meanwhile, IEH2 exhibits a higher tendency to transfer
power to the renewable power system, specifically during the early and final intervals of the scheduling
horizon. In both industrial areas, the highest traded power between IEHs and the renewable power system

is related to case 3, where P2H storages are exploited as an efficient energy conversion facility.

%105 (@
70710 === Upper bound

6.5 === ower bound
6.0
5.5+

5.0

Total operation cost ($)

4.5

70%10° (b)
6.5
6.0
551
5.0-

Total operation cost ($)

4.5+

Iteration

Fig. 10: Iteration process of Benders decomposition for (a) case 1 and (b) case 2.
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Fig. 11: Iteration process of Benders decomposition for (a) case 3 and (b) case 4.

Tables [3] and [4] present the total electrical and heat demands supplied by different resources for each
case study. As it is evident from Table 3] the IEHs act as a viable option to increase the hosting capacity
of RESs and reduce the participation of thermal units in meeting the electricity demand of the integrated
renewable energy system. For instance, in cases 2, the power generated by thermal units during the
scheduling horizon decreased by about 4,544 MW compared to the base case (without the deployment

of IEHs). Therefore, the amount of spinning reserve provided by thermal units can increase by up to
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Fig. 12: Hourly traded power between IEH1 and renewable power system for each case study at bus 21.
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Fig. 13: Hourly traded power between IEH2 and renewable power system for each case study at bus 30.

10.2% by adopting the optimal coordinated strategy between the renewable power system and IEHs. In
addition, case 4 demonstrates the capability of the proposed multi-energy DRP to enhance the reliability
of the integrated renewable energy system by curtailing electrical demand (about 316 MW) using the
DLC program. The distribution of the required demand among different sources, which are supported
by different energy carriers, increases the flexibility and resilience of the renewable power system against
potential risks associated with non-dispatchable power sources, natural disasters, and cyber attacks. From
the heating point of view, CHP units act as the main supplier to cover the heat demand of industrial
parks, which is due to its high production capacity.

The total amount of renewable power curtailment in each WF and PV park for each case study are also
presented in Figs. and The results demonstrate that the proposed privacy-preserving structure is
able to dramatically reduce renewable power curtailment with optimal collaborative expansion scheduling.
In accordance with case 2, by adding EESs to IEHs under the title of backup power stations, it is found

that the amount of curtailed renewable power reduces by 19.77% when compared to case 1. In case 3,
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Table 3: Optimal mix of various sources to procure total electrical demand for each case study.
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the amount of curtailed renewable power significantly decreases in comparison with cases 1 and 2 by
incorporating the unique capabilities of P2H storages in the collaborative scheme to determine the power
trading schedule. In addition, with the simultaneous use of P2H storages and multi-energy DRP in the
collaborative scheduling approach among RPSO and IEHO, the values of curtailed wind and solar power
had reached zero and 16.5 MW, respectively. These simulation results clearly reveal that the promoted
IEHs in optimal coordination with the renewable power system had an effective role in reducing renewable
power curtailment.

In case 3, the effects of multi-energy DRP in coordination with EESs and P2H storages are evaluated
on the performance of IEHs to achieve the desired targets. It is assumed that the multi-energy DRP is
implemented only on the local industrial energy demands, which are located at buses 21 and 30. Figs.
and [I7)show the consequence of implementing multi-energy DRP on the electrical and heat demands of the
industrial consumers connected to IEHs. According to these figures, the total electrical and heat demands

of the industrial consumers reduce by up to 5.62% and 2.7%, respectively, which is one of the reasons
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Fig. 14: Wind power curtailment for each case study.
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Fig. 15: Solar power curtailment for each case study.

for improving the performance of the integrated renewable energy system from the technical perspective.
To further analyze the impact of the multi-energy DRP on the operation cost, the sensitivities of the
renewable power curtailment cost and operation cost of IEHs to the multi-energy DRP participation rate
variations are analyzed. This analysis is very useful for IEHO and RPSO to harness existing opportunities
in the energy markets. The participation rates of electrical and heat demands for implementing multi-
energy DRP changed from («;,, —8)% to (au,n +10)% applying nine equal steps. The obtained results for
case 3 according to various participation rates are shown in Fig. As can be seen from this figure, the
total operation cost of IEHs decreases almost linearly. On the other hand, there are almost no changes in
the renewable power curtailment cost up to values close to (o + 4)% and (a, +4)%. But, the renewable
power curtailment cost dramatically increases with increasing the participation rates of electrical and heat
demands to more than (a; +4)% and (o, +4)%. These results indicate that it is necessary to perform a
trade-off between different targets for the ideal utilization of the multi-energy DRP.

Table[f] presents a comprehensive economic comparison of different scheduling scenarios. As it is shown,
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the total operation cost of the renewable power system can be significantly reduced by deploying IEHs
in industrial parks according to a decentralized collaborative operation. In accordance with case 1, with
establishing IEHs along with the renewable power system under the title of sustainable energy producers,
it is found that the amount of total operation cost of renewable power system decreases by 21.4% when
compared to the base case. Moreover, the operation cost of the renewable power system decreases by up
to 27.72% in case 2, 44.99% in case 3, and 48.11% in case 4 compared to the base case by adding EESs
and P2H storage to each IEH as well as utilizing multi-energy DRP in the framework of IEHs. On the
other hand, the total operation cost of IEHs reduces from $167,700 (case 1) to $103,910 (case 3) by using
EESs and P2H storages. Finally, by examining the renewable power curtailment cost, which is reduced
from $190,920 to $1,987.07 by implementing the proposed privacy-preserving decision-making structure,

the impact of applying multi-energy DRP in the objective function is clearly revealed.

Table 5: Cost allocation for existing entities for each case study.

Base case Case 1 Case 2 Case 3 Case 4
Operation cost of thermal units ($) 326,490 268,610 263,220 276,080 266,520
Cost of renewable power curtailment ($) 190,920 138,040 110,740 8,518.49 1,987.07
Total operation cost of renewable power 517410 406,650 373,960 284,598.49 268,507.07
system ($)
Renewable power system operation cost - 21.4 27.72 44.99 48.11
decrement (%)
Operation cost of energy conversion 0 167,700 173,760 103,910 91,556.62
facilities ($)
Incentive compensation costs of 0 0 0 0 14,333.38
multi-energy DRP ($)
Total operation cost of IEHs ($) 0 167,700 173,760 103,910 105,890

5.3. Impacts of uncertain parameters

To more clearly technical and economic analysis, the impacts of uncertain parameters, i.e., renewable
power production and electrical and heat demands of local industrial consumers, on the results of the
collaborative operation are investigated using the adjusted hybrid robust-stochastic model. The energy
demand prediction error follows a normal distribution function with a deviation of 10% and a mean of zero.
To this end, one-hundred scenarios are generated by MC simulation, which is reduced to ten scenarios by
the GAMS/SCENRED tool [42]. To handle the uncertainty associated with renewable power production,
the value of uncertainty budget, i.e., I';, in the robust model is increased by steps 0.02 from 0.02 to 0.2. To
carry out the desired simulations, three different ranges for the maximum deviation between the forecasted
and actual values (i.e., ISM) are considered. The variation in the operation costs of the renewable power
system and IEHs for different I'; when Pz,t changes from 10% to 30% are shown in Figs. and As can
be seen in Fig. with increasing the amounts of I'; and stm the operation cost of the renewable power
system increases. The reason is that higher uncertainty budgets force RPSO to provide the required
power from expensive units instead of the RESs. Similarly, according to Fig. with increasing the

robust approach parameters, the operation cost of IEHs also grows. However, although the operation cost
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of IEHs has increased, the operation cost allocated to IEHs is still less than the deterministic method
($105,890). This is due to the fact that by reducing the actual power generated by RESs compared to the
forecasted value, the traded power between IEHs and the renewable power system also decreases. Traded
power between IEH1/TEH2 and the renewable power system for 0.1P, ; is shown in Fig. As clearly
visible, the total traded power between IEH1/TEH2 and renewable power system decreases from 4343.48
MW, when T'; = 0.02, to 3665.33 MW, when I'; = 0.2, during the scheduling horizon.
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Fig. 21: The effect of variations of the uncertainty budgets on the total exchanged power.

6. Conclusions and future work

This paper presented a decentralized two-stage robust-stochastic model to achieve the optimal collab-
orative operation of private IEHs with the renewable power system in a privacy-preserving manner. In the
presented collaboration structure, RPSO interacted with IEHs in the leader-follower fashion to perform
the SCUC problem, while the Benders decomposition algorithm was exploited to resolve the conflicts
of private entities. The main goal of the developed privacy-preserving decision-making structure was to
minimize the operation costs of each private entity by relying on establishing a sustainable power trading
schedule between IEHO and RPSO. The proposed model considered uncertainties in RESs power and
energy demands of local industrial consumers, where CHP units, EESs, P2H storages, and multi-energy
DRP served as flexible tools in the framework of IEHs. The obtained numerical results in the 30-bus
test system confirmed the effectiveness of the proposed decentral solution in creating an economical and
secure operation between IEHs and renewable power systems. The simulation results demonstrated that
the total operating costs of the renewable power system and IEHs could reduce by up to 48.11% and
36.85%, respectively, using EESs, P2H storages, and multi-energy DRP. The results also showed the effect
of P2H storage and multi-energy DRP on a significant reduction in renewable power curtailment.

In future work, we will focus on the transactive energy mechanism between multiple networked TEHs

to enhance the flexibility and resiliency of the integrated renewable energy system.
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