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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.

Keywords: Benders decomposition, demand response programs, energy storage systems, energy hub

systems, privacy-preserving collaboration, renewable power curtailment.
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Nomenclature1

Acronyms

CHP Combined heat and power.

DRP Demand response program.

EES Electrical energy storage.

IEHs Industrial energy hubs.

IEHO Industrial energy hubs operator.

PV Photovoltaic.

P2H Power-to-heat.

RPSO Renewable power system operator.

RESs Renewable energy sources.

WFs Wind farms.

Indices (sets)

d (D) Index of blocks of the piecewise linearization of the quadratic cost
function.

g, e (G, E) Indices of thermal units and electrical energy storages.

h (H) Index of industrial energy hubs.

i, j (I) Indices of transmission buses.

k, q (K, Q) Indices of CHP units and P2H storages.

l, n (L, N ) Indices of electrical and heat loads connected to industrial energy
hubs.

m (M) Index of electrical loads connected to renewable power system.

s (S) Index of scenarios.

t (T ) Index of hourly intervals.

w(W), p (P) Indices of WFs and PV parks.

ch, dch Superscripts indicating charging and discharging status.

Parameters

ag, bg, cg Fuel consumption cost coefficients of thermal unit g.

COP q Coefficient of P2H storage performance.

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

IE, IH Rate of incentive for electrical and heat demands variation.

KNi,Ξ, KNh,Ξ Bus-Ξ and hub-Ξ incidence matrices.

PDm,t Forecasted electric demand at hour t.

PDini
l,t,s, HD

ini
n,t,s Initial electrical and heat demands connected to industrial energy

hubs.

RUg, RDg Ramping up/down limits of thermal unit g.
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tb Iteration numbers for Benders decomposition.

xij Equivalent reactance of line ij.

XGong , XGoffg Minimum on/off times of thermal unit g.

P f(·),t Forecasted renewable power output of WFs and PV parks at hour t.

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

P̃w,t, P̃p,t Maximum deviation of WF w and PV park p from forecasted values
at hour t.

P̂tb,h,t,s The amount of exchanged power, which is determined in the master
problem.

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

UT 0
g , DT 0

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

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

∆P dg Length of each block of the linearized cost function of thermal unit g.

λg, HV Natural gas price and natural gas heat value.

ρk, ρe, ρq Maintenance cost of CHP unit, electrical storage, and P2H storage.

η(·) Efficiency coefficient of various units.

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

Γt Uncertainty budget of renewable generation.

Πre Penalty prices for wind and solar power curtailments.

σs Probability of each scenario.

(·), (·) Minimum/maximum bounds of variables.

Variables

A(·),t,s Energy level of electrical and P2H storages at hour t in scenario s.

CCHPk,s , CESe,s , CP2H
q,s The operation cost of CHP unit k, electrical storage e, and P2H stor-

age q in scenario s.

CMDR
l,n,s Incentive compensation cost of multi-energy DRP in scenario s.

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

F̂ IEHtb,h,t,s
Minimized sum of slack variables for industrial energy hub h at iter-
ation tb.

H(·),t,s Heat production by IEHs’ facilities at hour t in scenario s.

Hdir
q,t,s Heat production by P2H storage q in direct mode of action at hour t

in scenario s.

ÔIEHtb,h
, ÔTotaltb

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

P(·),t,s Power output of various generation units at hour t in scenario s.
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pdg,t,s The power produced in block d of the piecewise linear cost function
of thermal unit g at hour t in scenario s.

P log,t, P
up
g,t Minimum/maximum available power output of thermal unit g at hour

t.

PCw,t,s, PCp,t,s Wind and solar power curtailments of WF w and PV park p at hour
t in scenario s.

PFij,t,s Power flow on line ij at hour t in scenario s.

PDdr
l,t,s, HD

dr
n,t,s Final electrical and heat demands profile at hour t in scenario s.

SUCg,t, SDCg,t Start-up/shut-down costs of thermal unit g at hour t.

∆Pupl,t,s, ∆P dwl,t,s
Electrical demands change after multi-energy DRP implementation at hour t in
scenario s.

∆Hup
n,t,s, ∆Hdw

n,t,s
Heat demands change after multi-energy DRP implementation at hour t in
scenario s.

δi,t,s Voltage phase angle at bus i at hour t in scenario s.

u(·),t,s Binary variable to indicate status of facilities.

yg,t, γg,t Binary variable to indicate the status of thermal unit g at hour t.

τPtb,h,t,s, ΛPtb,h,t,s Dual variables to create the optimality cutting plane and feasibility
cutting plane.

ξP1
h,t,s, ξ

P2
h,t,s Slack variables for the feasibility check.

βw,t,s, βp,t,s Degree of the output power uncertainty of WF w and PV park p at
hour t.

rx,t,s, εt,s Auxiliary variables in robust optimization model.

Functions

Fg(Pg,t,s) Fuel cost function of thermal unit g at hour t in scenario s.

1. Introduction2

1.1. Motivation and significance3

Nowadays, due to lack of proper facilities, such as lines’ capacity, as well as ever-escalating power4

consumption, restructured power systems face fundamental challenges to guarantee the stable operation5

of the entire power system and satisfy technical constraints [1]. At the generation side, the penetration6

of intermittent renewable energy sources (RESs) in power systems has dramatically increased, owing7

to concerns about rising energy prices [2], environmental problems [3], and reliability requirements [3].8

Although the utilization of high-power RESs, such as wind farms (WFs) and photovoltaic (PV) parks9

has been proven to be an effective solution to address the existing concerns, the inherent variability10

and non-uniform distribution of these sources have posed remarkable challenges for the safe operation11

of renewable-based power systems [4]. According to some strong evidence, due to the aging of power12

systems infrastructure, renewable power system operators (RPSOs) are obligated to curtail a significant13

percentage of produced renewable power, especially at high penetration levels, to maintain the stability14

and reliability of power systems [4, 5].15
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On the other hand, running on-site generation in large subscribers sites (e.g., industrial parks) has16

received considerable attention in recent years. For example, on-site energy production in the industrial17

sector of the U.S. in 2012 accounted for about 4% of the total power produced in the same year [6].18

Accordingly, industrial parks have become one of the most influential players in the electrical industry19

with the significant development they have had in recent years. The strategic role of industrial parks20

in advancing power systems plans was extensively evaluated in recent studies from the perspective of21

industrial consumers [7] and RPSO [8]. Most of these studies have emphasized the use of backup power22

sources like electrical energy storage (EES) or energy conversion facilities to continuously supply industrial23

demands [9]. Therefore, it is obvious that the traditional power systems and the installed protection24

equipment are not suitable for compensating the excessive generation/load, yet upgrading the existing25

power systems for short periods of operation is not economical.26

Thanks to the recent advances in the modernization of interconnected energy systems, energy hub27

systems have emerged as a promising platform in the form of multi-vector energy systems to overcome the28

technical challenges as well as mitigate the potential risks associated with various players in power systems29

[10]. The energy hub systems are composed of multiple input/output ports that create a stable interface30

between different energy networks with regards to the advanced energy conversion facilities and energy31

storage systems. These systems can provide unique economic and technical benefits for energy market32

players and energy network operators and planners [11]. From the power system operators’ point of view,33

energy hub systems can boost the flexibility and reliability of power systems, enhance the resiliency of34

the system, reduce operation cost, and decrease energy-wasting [12]. In addition, from the perspective of35

energy system planners, the establishment of energy hubs in industrial parks, as a major energy consumer36

[13], can help to realize the theory of localization of sustainable energy production and consumption [14].37

Implementing this mechanism not only increases the flexibility of the interconnected energy systems, but38

also enables industrial consumers to actively participate in wholesale energy markets and take advantage of39

existing opportunities in different layers of energy networks [15]. On this basis, the industrial energy hubs40

(IEHs) could be networked to form a multi-vector community at the sub-transmission and transmission41

levels. In these circumstances, each IEH is managed by a private owner, which aims to supply local42

demands using the existing facilities in energy hubs or via bilateral energy exchange with wholesale43

energy markets at the lowest operating cost. The private IEHs are recognized as independent entities,44

and these entities should cooperate with the power system in a privacy-preserving way [16]. Moreover, the45

technical constraints must not be sacrificed to the existed distributed mechanisms. Accordingly, ensuring46

the optimal collaborative operation of multiple private IEHs and power systems without compromising47

privacy provisions is a challenging problem, especially when the various uncertainties are considered in48

the scheduling process [17]. Therefore, it is necessary to draw up a holistic decentralized decision-making49

structure for the coordinated operation of private IEHs and power systems to determine the optimal50

energy dispatch among various players in the wholesale energy markets. By doing so, the power system51

operator and industrial energy hubs operator (IEHO) can separately pursue their own goals within the52

framework of the restructured energy systems.53

In the following, various studies on the optimal operation of networked energy hubs are briefly reviewed54
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and then the technical contributions of this paper are presented.55

1.2. Related literature56

Due to the scope of this paper, there exists a large body of related studies that were focused on optimal57

operation of networked energy hubs in power systems by incorporating RESs. In general, the related lit-58

erature is categorized according to whether optimization programs were provided based on a traditionally59

centralized dispatch approach or a decentralized framework. In terms of the centralized energy dispatch60

of networked energy hubs, authors of [18] presented a centralized optimal energy management strategy61

for the coordinated operation of grid-connected energy hubs in day-ahead electricity market. In the same62

work, the decision-making about the integrated operation of the power system and energy hubs was made63

by a common master controller in a centralized manner. A robust operation strategy for networked en-64

ergy hubs was presented in [19] considering the uncertainty of renewable power production and demand65

response programs (DRP). The main aim of that work was to reduce the total operation cost of multiple66

energy hubs during the scheduling interval. In [20], a cost-effective centralized program was developed for67

microgrids embedded with energy hubs with regards to the stochastic programming method and DRPs.68

In a different approach, a multi-objective optimization program was developed in [21] with the aims of69

minimizing the total operation cost of multiple energy hubs as well as reducing greenhouse gas emissions.70

In this work, the produced power by RESs was considered as an uncertain parameter and was modeled71

by a scenario-based method. A multi-step linearization method for the interconnected energy hubs was72

examined in [22], which minimized the total operational cost of the networked energy hubs during the73

scheduling period. Moreover, in [23], a two-level optimization problem was proposed for determining74

optimal bidding/offering strategy of multiple networked energy hubs in the day-ahead electricity market75

considering different sources of uncertainty. The problem was developed in the form of the centralized76

dispatch approach, which was managed by the power system operator.77

In addition to the utilized centralized decision-making schemes, there have been considerable efforts78

in the research community to integrate energy hubs into power systems in decentralized and privacy-79

preserving manners. In these kinds of studies, various distributed methods such as alternating direction80

method of multipliers (ADMM) and decomposition methods were established to define decentralized81

optimization problems for sustainable exploitation of networked energy hubs. For example, in [24], a82

distributed energy management framework was derived from ADMM method to determine the optimal83

scheduling of networked energy hubs. Authors of [25] proposed an auction-based regulation service mech-84

anism for economic dispatch of the large-scale energy hubs in the context of the wholesale electricity85

market. The proposed mechanism was solved in a decentralized manner using ADMM technique. In [26],86

a distributed robust optimization method was proposed for making private coordination between energy87

hubs and the power system considering the market price uncertainty. In that work, robust optimization88

was considered to realize the worst-case of uncertain parameters in multi-carrier energy systems. In [27],89

the leader-follower theory was applied in the framework of Benders decomposition for the optimal dispatch90

of networked energy hubs. This theory can establish privacy-preserving collaborations among individual91

energy hub operators and the power system operator. Finally, in [28, 29], distributed energy management92
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methods based on the decomposition algorithm were proposed for the robust optimal energy dispatch of93

grid-connected energy hubs considering the uncertainty of renewable power generation.94

By examining the above-mentioned studies, it can be seen that the principal focus of the technical95

literature was on the optimal exploitation of multiple networked energy hubs aimed at reducing the total96

operation cost of the multi-carrier energy systems. Nevertheless, ignoring the challenges posed by the high97

penetration of RESs is the major gap in the aforementioned studies. It is worthwhile to mention that,98

to the best of our knowledge no prior study in this field investigated the effects of new energy conversion99

facilities, such as power-to-heat (P2H) storage, on improving the performance of the integrated renewable100

energy systems in the presence of flexible demands and high-power and large-scale RESs. In addition,101

very few studies in the literature have addressed the unique benefits of multi-energy DRP in advancing102

the desired objectives of the energy system operators. Overall, we argue that the previous literature lacks103

detailed models to address the various flexibility options, so further studies are needed to design a holistic104

decision-making framework with respect to all available flexibility options.105

1.3. Technical contributions and paper structure106

This work aims to fill the knowledge gaps mentioned in the previous sub-section by applying a purely107

mathematical-technical perspective. To this end, a privacy-preserving structure is presented for optimizing108

RPSO/IEHO collaborations in an iterative manner by considering high penetration of WFs and PV parks.109

The main objectives of the distributed optimization problem are to minimize the total operation cost of110

the renewable power system and IEHs, reduce renewable power curtailment, and enhance the flexibility of111

the integrated renewable energy system via realizing optimal coordination between different players. To112

clarify the main contributions of this paper, the features of the proposed model are compared with other113

published papers in Table 1. Eventually, the technical contributions of this study are as follow:114

(1) A scalable and efficient structure with low complexity is proposed to determine the optimal day-115

ahead operation of the renewable power system in coordination with private IEHs within the privacy-116

preserving decision-making framework. In this regard, a decentralized two-stage robust-stochastic117

security-constrained unit commitment (SCUC) model is developed for the collaborative operation118

of networked IEHs and the renewable power system to facilitate the coordinated operation of RPSO119

and IEHO as well as to preserve the operational privacy of these parties.120

(2) A generalized Benders decomposition algorithm is employed to solve the proposed distributed robust-121

stochastic model, which is in line with the prevalent leader-follower (RPSO-IEHO) relationships in122

the energy management of the integrated renewable energy system. In the formed decomposition-123

based program, both RPSO and IEHO seek common goals with respect to privacy provisions.124

(3) A hybrid robust-stochastic strategy is implemented to handle the enforced operational uncertainties125

associated with the renewable power output of WFs and PV parks and the energy demands of local126

industrial consumers, and also to create less conservative and more trustworthy approaches. In127

this regard, the robust optimization technique is employed to model uncertainties associated with128
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Table 1: Comparison of the contributions of related literature with the proposed structure.

References Operation
mode

Privacy Coordinator Resources P2H
storage

DRPs Uncertainty
modeling

[18] Centralized Sharing all data Central
supervisor

ECF + EES × × Deterministic

[19] Centralized Sharing all data Central
supervisor

ECF + EES
+ RESs

× ! Robust

[20] Centralized Sharing all data Central
supervisor

ECF + RESs × ! Stochastic

[21] Centralized Sharing local
data

Central
supervisor

ECF + EES
+ RESs

× × Stochastic

[22] Centralized Sharing all data Central
supervisor

ECF + EES × × Deterministic

[23] Centralized Sharing all data Central
supervisor

ECF + EES
+ RESs

× ! Stochastic

[24] Decentralized Sharing power
trading amount

PSO ECF + EES
+ RESs

× × Deterministic

[25] Decentralized Sharing power
trading amount

PSO ECF × × Deterministic

[26] Decentralized Sharing power
trading amount

PSO ECF + EES
+ RESs

× × Robust

[27] Decentralized Sharing power
trading amount

ESO ECF + EES × × Deterministic

[28] Decentralized Sharing power
trading amount

ESO ECF + EES
+ RESs

× × Robust

[29] Decentralized Sharing power
trading amount

ESO ECF + EES
+ RESs

× × Robust

Proposed
model

Decentralized Sharing power
trading amount

RPSO ECF + EES
+ RESs

! ! Hybrid
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 the129

uncertainties caused by the energy demands of local industrial consumers.130

(4) In addition to the above points, the proposed joint optimization structure is extended based on the131

multi-energy DRP, EES, and P2H storage to minimize the total operation cost, immunize the power132

system in confronting the challenges of high-power RESs, as well as enhance operational flexibilities133

of the renewable power system by increasing spinning reserve.134

The structure of this paper is organized as follows. Section 2 explains the proposed structure and135

presents the two-stage stochastic mathematical model for the optimal operation of the renewable power136

system in coordination with IEHs. The robust optimization method for handling the uncertainty of re-137

newable power generation is presented in Section 3. In Section 4, the decentralized approach for the138

collaborative operation of multiple networked IEHs and renewable power system is explained. The nu-139

merical simulation and results for evaluating the proposed structure are provided in Section 5. Finally,140

conclusions and future works are drawn in Section 6.141

2. Formulation of the proposed structure142

In this section, the proposed distributed optimization model is formulated to ensure the optimal143

collaborative operations of networked IEHs with the renewable power system in the presence of various144

flexibility tools. The proposed model is composed of two independent entities, which are operated by145

separate decision-makers. The first entity has to do with RPSO as well as the private owners of IEHs are146
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considered as the second independent entity. The graphical description of the proposed structure is shown147

in Fig. 1. As can be seen, an integrated renewable energy system comprises a set H of H = |H| IEHs,148

power transmission system interfaces, WF, PV park, and local industrial consumers. In the proposed149

structure, IEHs and local industrial consumers are managed by IEHO, and the rest of the system (i.e.,150

WF and PV park) are managed by RPSO. Each IEH is equipped with combined heat and power (CHP)151

units, EES, and P2H storage. An IEH has two input ports (electricity and gas connectors) and two output152

ports (electricity and heat connectors). The input ports are related to the purchased energies from the153

renewable power system and natural gas network, and output ports are used for trading electricity and154

thermal energy with industrial consumers, the district heating network, and the renewable power system.155

In other words, IEHO interacts with RPSO via bi-directional communications for creating an economic156

and secure operation using the constrained transmission system. On the contrary, IEHO has one-way157

collaboration with natural gas (at input ports) and district heating (at output ports) networks. In the158

developed decentralized structure, the privacy of operation data is preserved since the RPSO will not159

need all operation data of IEHs. To preserve the private ownership of IEHO, the conflicts of exchanging160

electrical power between RPSO and IEHO are resolved by the Benders decomposition algorithm in an161

iterative procedure. In this regard, the integrated two-stage robust-stochastic optimization model is162

decomposed into a master problem and a sub-problem considering the uncertainties of wind and PV163

generation as well as electricity and heat demands in the industrial customers’ side. The master problem164

is handled by RPSO to determine day-ahead robust SCUC, and the sub-problem is solved independently165

by IEHO for optimizing the operation of IEHs by relying on the two-stage stochastic programming. The166

details of the day-ahead robust-stochastic SCUC formulation for each decision-maker are described in the167

following sub-sections. At first, the two-stage stochastic SCUC problem is developed for the proposed168

privacy-preserving model, which will be updated in Section 3 to implement the hybrid robust-stochastic169

concept.170
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Fig. 1: Structure of decentral operation for multiple networked IEHs.
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2.1. Decision-making of RPSO171

The objective of RPSO’s decision-making process is to minimize the total operation cost of supplying172

electrical loads outside of IEHs’ services territories by thermal units and curtailing renewable power in173

optimal coordination with IEHO over the entire day-ahead scheduling horizon. The objective function174

formed to model this process, which is given in (1), contains two stages. The first stage includes the costs175

of start-up and shut-down of thermal units. This stage is independent of the stochastic process, therefore176

the start-up and shut-down costs are applied to all scenarios. The second stage of the objective function177

corresponds to the operation cost of thermal units and renewable power curtailment costs for WFs and178

PV parks. The second stage decision variables in the proposed two-stage stochastic programming model179

depend on the fluctuations in electricity and heat demands in the industrial customers’ side, which are180

defined by different scenarios.181

Min :

CRPS =
∑
t∈T

∑
g∈G

(SUCg,t + SDCg,t) +
∑
s∈S

σs ·

(∑
g∈G

Fg(Pg,t,s) + Πre(
∑
w∈W

PCw,t,s +
∑
p∈P

PCp,t,s)

)
(1)

2.1.1. Thermal units modeling182

In this paper, the quadratic fuel cost function of thermal units is accurately approximated by a183

set of piecewise blocks to avoid complicating the optimization problem. The linearization process of the184

quadratic cost function using the least-squares criterion is illustrated in Fig. 2. The analytic representation185

of the linearization process is presented in (2)-(10) [30]. According to these equations, the fuel cost of186

thermal units can be defined by (10).187

,

d

g fiC

,

d

g inC

2

, , ,( )g g t g g t g g t gF P a P b P c  

,g g tP u

,
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g inP ,

d

g fiP

,g g tP u

,

,

d

d

g
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g
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d
g
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C
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Z

P





,g t

d

gP u

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

0 ≤ pdg,t,s ≤ ∆P dg · ug,t , ∀g, t, s, d, (2)

188

∆P dg =
Pg − Pg
D , ∀g, d, (3)

189

P dg,in = (d− 1) ·∆P dg + Pg , ∀g, d, (4)
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190

P dg,fi = P dg,in + ∆P dg , ∀g, d, (5)

191

Pg,t,s = Pg · ug,t +
∑
d∈D

pdg,t,s , ∀g, t, s, (6)

192

Cdg,in = ag ·
(
P dg,in

)2

+ bg · P dg,in + cg , ∀g, d, (7)

193

Cdg,fi = ag ·
(
P dg,fi

)2

+ bg · P dg,fi + cg , ∀g, d, (8)

194

Zdg =
Cdg,fi − Cdg,in

∆P dg
, ∀g, d, (9)

195

Fg(Pg,t,s) = ag · P 2
g + bg · Pg + cg · ug,t +

∑
d∈D

(Zdg · pdg,t,s) , ∀g, t, s. (10)

The technical constraints of thermal units are presented by (11)-(26) [31]. The thermal units ramp-196

rates constraints for continuous intervals are indicated by (11)-(18). The power produced by each thermal197

unit is limited by upper and lower bounds as expressed by (11). The upper bound of the accessible power198

output of thermal units is constrained by shut-down ramp rate, i.e., (12), as well as by ramp-up and199

start-up ramp rates, i.e., (13). In addition, the lower bound of the accessible power output of thermal200

units is enforced by (15) and (16). Constraints (17) and (18) specify the on/off states of all units.201

P log,t ≤ Pg,t,s ≤ P
up
g,t , ∀g, t, s, (11)

202 Pupg,t ≤ P̄g · (ug,t − γg,t+1) + SDg · γg,t+1 , ∀g, t, (12)

203 Pupg,t ≤ Pg,t−1 +RUg · ug,t−1 + SUg · yg,t , ∀g, t, (13)

204 Pupg,t ≥ 0 , ∀g, t, (14)

205 P log,t ≥ Pg · ug,t , ∀g, t, (15)

206 Pg,t−1 − Pg,t ≤ RDg · ug,t + SDg · γg,t , ∀g, t, (16)

207 yg,t − γg,t = ug,t − ug,t−1 , ∀g, t, (17)

208 yg,t + γg,t ≤ 1 , ∀g, t. (18)

Inequities (19)-(26) express minimum up/down times limits of each thermal unit. Constraints (19)-209

(22) are applied to satisfy the minimum up time constraint in the initial, middle, and final periods of the210

scheduling horizon, respectively. Likewise, the minimum down time limits can be formulated as (23)-(26).211

212
µg∑
t=1

(1− ug,t) = 0 , ∀g, (19)

213

µg = min
{
T , (XGong − UT 0

g ) · ug,0
}

, ∀g, (20)

214
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ν+XGon
g −1∑

t=ν

ug,t ≥ XGong ·yg,ν , ∀g, ν = [µg + 1, ..., T −XGong + 1], (21)

215
T∑
t=ν

(ug,t − yg,t) ≥ 0 , ∀g, ν = [T −XGong + 2, ..., T ], (22)

216
ςg∑
t=1

ug,t = 0 , ∀g, (23)

217

ςg = min
{
T , (XGoffg −DT 0

g ) · (1− ug,0)
}

, ∀g, (24)

218 ν+XGoff
g −1∑

t=ν

(1− ug,t) ≥ XGoffg ·γg,ν , ∀g, ν = [ςg + 1, ..., T −XGoffg + 1], (25)

219
T∑
t=ν

(1− ug,t − γg,t) ≥ 0 , ∀g, ν = [T −XGoffg + 2, ..., T ]. (26)

where µg and ςg represent the numbers of initial periods that thermal unit g must be online and offline.220

The start-up and shut-down costs are expressed as constant values as (27) and (28), respectively.221

SUCg,t ≥ sucg · yg,t, SUCg,t ≥ 0 , ∀g, t, (27)

222

SDCg,t ≥ sdcg · γg,t; SDCg,t ≥ 0 , ∀g, t. (28)

2.1.2. Renewable power system technical constraints223

The technical and operational constraints (29)-(35) must be applied to the safe operation of the224

renewable power system [31]. Constraint (29) ensures the curtailment rate of each WF/PV park cannot225

exceed the forecast values. The linearized DC-power flow model is used to calculate the amount of power226

flows from bus i to bus j which is presented in (30). The power flow in each line and voltage angle of227

each bus is restricted by its minimum and maximum limits, which are expressed by (31) and (32). It228

should be noted that, the value of the voltage angle in the slack bus must be equal to zero. This critical229

constraint is expressed by (33). The electrical demands of the renewable power system should be met by230

the output power of the thermal units, WFs, and PV parks as well as the power exchanged with IEHs231

considering the power flow limits between the system buses. Hence, the power balance constraint at bus232

j can be described by (34). The amount of transferred power from the renewable power system to IEHs233

and vice versa should be limited by (35). Note that, Ph,t,s is considered as a free variable. The positive234

amount shows the imported power from the renewable power system into the IEHs and the negative235

amount demonstrates the delivered power from IEHs into the renewable power system.236

0 ≤ PCx,t,s ≤ P fx,t, ∀x ∈ {w, p}, t, s. (29)

237 PFij,t,s =
δi,t,s − δj,t,s

xij
, ∀i, j, t, s, (30)

238 −PFij ≤ PFij,t,s ≤ PFij , ∀i, j, t, s, (31)

239
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−π ≤ δi,t,s ≤ +π , ∀i, t, s, (32)

240 δslack,t,s = 0 , ∀t, s, (33)

241

∑
g∈G

KNi,g · Pg,t,s +
∑
w∈W

KNi,w · (P fw,t − PCw,t,s) +
∑
p∈P

KNi,p · (P fp,t − PCp,t,s)−∑
h∈H

KNi,h · Ph,t,s −
∑

m∈M
KNi,m · PDm,t =

∑
j∈I

KNi,j ·PFij,t,s, ∀i, t, s,
(34)

242

Ph ≤ Ph,t,s ≤ Ph, ∀h, t, s. (35)

2.2. Decision-making of individual IEHs243

Each IEH (∀h) possesses EES, CHP unit, and P2H storage as the energy conversion facilities, for244

supplying local electricity and heat demands in industrial parks while interacting with RPSO. In the245

proposed decentralized approach, the energy hub model can be easily developed to include other energy246

conversion facilities. In the decision-making process of each IEH, the aim is to minimize the total operation247

cost of each IEH over the entire day-ahead scheduling horizon considering the uncertainty of local industrial248

consumers’ demands. The objective function of private IEHs is formulated in (36) and (37) as follows:249

Min : CIEHO =
∑
h∈H

CIEHh , (36)

250

CIEHh =
∑
s∈S

σs[
∑
k∈K

CCHPk,s +
∑
q∈Q

CP2H
q,s +

∑
e∈E

CESe,s +
∑

(l,n)∈
(L,N )

CMDR
l,n,s ] , ∀h. (37)

The first term of (37) (i.e., CCHPk,s ) indicates the fuel and maintenance costs of CHP units, which can251

be calculated by (38) [32]. The second term (i.e., CP2H
q,s ) refers to the maintenance cost of P2H storages,252

which can be defined by (39). The EES degradation cost (i.e., CESe,s ) due to frequent charge and discharge253

is considered in the third term. The accumulated degradation cost of EESs in IEHs are characterized by254

(40) [27]. Eventually, the final term (i.e., CMDR
l,n,s ) of (37) represents the multi-energy DRP compensation255

cost, where the incentive compensation costs paid to the industrial customers to perform the multi-energy256

DRP can be defined as (41) [33]. These cost functions are determined by the optimal scheduling of private257

IEHs in the optimal coordinated operation with the renewable power system.258

CCHPk,s =
∑
t∈T

(
λg

ηk ·HV
· Pk,t,s) + (ρk · Pk,t,s) , ∀k, s, (38)

259

CP2H
q,s =

∑
t∈T

ρq · (Hch
q,t,s +Hdch

q,t,s) , ∀q, s, (39)

260

CESe,s =
∑
t∈T

ρe · (P che,t,s + P dche,t,s) , ∀e, s, (40)

261

CMDR
l,n,s =

∑
t∈T

[(
IE × (∆Pupl,t,s + ∆P dwl,t,s)

)
+
(
IH × (∆Hup

n,t,s + ∆Hdw
n,t,s)

)]
, ∀l, n, s. (41)

The operational constraints governing IEHs are described below.262
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2.2.1. CHP units constraints263

The heat and electric power produced by CHP units have mutual dependence, which is determined264

by the special feasible operation region (FOR) for each unit. The feasible region model associated with265

the considered CHP units in this article is shown in Fig. 3. The operational boundary (ABCD) of CHP266

units can be formulated by linear constraints, as given in (42)-(44) [34]. In these constraints, M is a large267

number (e.g., 1000). Moreover, constraints (45) and (46) ensure that the power and heat production of268

CHP units are at the acceptable levels.269

A(x1,y1)

D(x4,y4)

B(x2,y2)

C(x3,y3)

Output power 

(MW)

Output heat (MWth)

Performance zone

Fig. 3: FOR model for CHP units.

Pk,t,s − Pk,A −
Pk,A − Pk,B
Hk,A −Hk,B

· (Hk,t,s −Hk,A) ≤ 0 , ∀k, t, s, (42)

270

Pk,t,s − Pk,B −
Pk,B − Pk,C
Hk,B −Hk,C

· (Hk,t,s −Hk,B) ≥ −(1− uk,t,s) ·M , ∀k, t, s, (43)

271

Pk,t,s − Pk,C −
Pk,C − Pk,D
Hk,C −Hk,D

· (Hk,t,s −Hk,C) ≥ −(1− uk,t,s) ·M , ∀k, t, s, (44)

272

Pk · uk,t,s ≤ Pk,t,s ≤ Pk · uk,t,s , ∀k, t, s, (45)

273

0 ≤ Hk,t,s ≤ Hk · uk,t,s , ∀k, t, s. (46)

2.2.2. P2H storages constraints274

The operational constraints related to P2H storages are defined as (47)-(54). The dynamic energy275

balance of the P2H storage in each hour is expressed by (47). The capacity limit of the P2H storage is276

given by (48). The initial (t = 0) and final (t = T ) state of charge of the P2H storage is limited to (49).277

The allowable ranges of charging and discharging thermal energy in this storage are limited by (50) and278

(51), respectively. The generated thermal energy by the P2H storage can be delivered to the industrial279

customers (or district heating networks) or stored in the reservoir, as stated in (52). Here, constraint (53)280

demonstrates the allowable limit for input power from the renewable power system into the P2H storage.281
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The inequality (54) ensures that each P2H storage cannot simultaneously charge and discharge.282

Aq,t,s = (1− ηq) ·Aq,t−1,s +Hch
q,t,s −Hdch

q,t,s − βloss · SUq,t,s + βgain · SDq,t,s , ∀q, t, s, (47)

283 Aq ≤ Aq,t,s ≤ Aq , ∀q, t, s, (48)

284 Aq,0,s = Aq,T ,s , ∀q, s, (49)

285 0 ≤ Hch
q,t,s ≤ Hch

q · uchq,t,s , ∀q, t, s, (50)

286 0 ≤ Hdch
q,t,s ≤ Hdch

q · udchq,t,s , ∀q, t, s, (51)

287 Hch
q,t,s +Hdir

q,t,s = COPq · Pq,t,s , ∀q, t, s, (52)

288 0 ≤ Pq,t,s ≤ Pq , ∀q, t, s, (53)

289 uchq,t,s + udchq,t,s ≤ 1 , ∀q, t, s. (54)

where the binary variables (i.e., uchq,t,s and udchq,t,s) represent the charging and discharging status of P2H290

storages.291

2.2.3. EES system constraints292

The operation of each EES is defined by the following relationships. Based on (55), the electrical293

energy level of each EES in a scheduling interval is calculated. The capacity level of each EES should be294

restricted in its minimum and maximum limits, which is modeled by (56). According to (57), the state of295

charge of each EES must be equal to Ae,0,s at the end of the scheduling period. The charge and discharge296

limitations of each EES are imposed by (58) and (59), respectively. Eventually, constraint (60) is used to297

avoid charging/discharging of each EES at the same time.298

Ae,t,s = Ae,t−1,s + ηche · P che,t,s −
P dche,t,s

ηdche
, ∀e, t, s, (55)

299 Ae ≤ Ae,t,s ≤ Ae , ∀e, t, s, (56)

300 Ae,0,s = Ae,T ,s , ∀e, s, (57)

301 P che · uche,t,s ≤ P che,t,s ≤ P che · uche,t,s , ∀e, t, s, (58)

302 P dche · udche,t,s ≤ P dche,t,s ≤ P dche · udche,t,s , ∀e, t, s, (59)

303 uche,t,s + udche,t,s ≤ 1 , ∀e, t, s. (60)

304 where the binary variables (i.e., uche,t,s and udche,t,s) model the charging and discharging status of EESs.305

2.2.4. Multi-energy DRP constraints306

DRP is one of the most flexible tools for the management of IEHs behavior to interact effectively307

with the renewable power system by exploiting the economic opportunities available in the industrial308

customers’ side. In this paper, multi-energy DRP is performed to minimize the total operation cost of the309

integrated renewable energy system, reduce renewable power curtailments, and enhance the flexibility of310
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the renewable power system by creating optimal coordination between RPSO and IEHO in an iterative311

manner. DRPs are divided into two categories: the price-based DRP and the incentive-based DRP. In this312

study, multi-energy DRP is considered based on the incentive-based manner, which is performed using313

direct load control (DLC) program. Hence, the incentive compensation costs are paid to the participating314

customers in the form of the DLC program. Based on (61) and (62), the DLC program is performed on315

the electrical and heat demands with respect to the percentage of participation of each consumer in the316

multi-energy DRP. After the implementation of multi-energy DRP, the final electrical and heat profiles317

are determined using (63) and (64) [33].318 
∆Pupl,t,s ≤ αl × PDini

l,t,s, ∀l, t, s,

∆P dwl,t,s ≤ αl × PDini
l,t,s, ∀l, t, s,

(61)


∆Hup

n,t,s ≤ αn ×HDini
n,t,s, ∀n, t, s,

∆Hdw
n,t,s ≤ αn ×HDini

n,t,s, ∀n, t, s,
(62)

PDdr
l,t,s = ∆Pupl,t,s −∆P dwl,t,s + PDini

l,t,s ∀l, t, s, (63)

HDdr
n,t,s = ∆Hup

n,t,s −∆Hdw
n,t,s +HDini

n,t,s ∀n, t, s. (64)

2.2.5. IEHs’ energy balancing319

The IEHO manages the energy balance in each IEH by considering localized energy generation, energy320

curtailments, as well as power imported/exported from/to the renewable power system. Constraints (65)321

and (66) are used to make the energy balance between energy consumed by local demands (i.e., PDini
l,t,s322

and HDini
n,t,s) and generated/traded energy in each IEH. It should be noted that the modified energy323

demands after implementing multi-energy DRP are used rather than the initial energy demands in the324

supply-demand constraints.325

Ph,t,s +
∑
e∈E

KNh,e·(P dche,t,s − P che,t,s) +
∑
k∈K

KNh,k · Pk,t,s −
∑
q∈Q

KNh,q · Pq,t,s

−
∑
l∈L

KNh,l · PDdr
l,t,s = 0, ∀h, t, s,

(65)

∑
k∈K

KNh,k ·Hk,t,s +
∑
q∈Q

KNh,q · (Hdch
q,t,s −Hch

q,t,s +Hdir
q,t,s)−∑

n∈N
KNh,n ·HDdr

n,t,s = 0, ∀h, t, s.
(66)

3. Hybrid robust-stochastic model326

In the above-described model, the uncertainty of renewable generation was neglected and the output327

power of WFs and PV parks was perfectly forecasted. Since the uncertainty of RESs is more vital than328
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the energy demands, the RPSO prefers to apply a risk-based method to handle the uncertainty associated329

with renewable powers, while the IEHO tries to manage the fluctuations of electrical and heat demands330

of local industrial consumers using stochastic programming based on a Monte-Carlo (MC) simulation.331

Compared to the stochastic programming, which requires the probability distribution function (PDF) or332

fuzzy membership set of uncertain parameters, the robust approach describes uncertain parameters by333

descriptive statistics. Therefore, in such models, complex calculations resulting from scenario counting334

are avoided. In the proposed privacy-preserving decision-making structure, the mathematical definition335

of the distributed robust-stochastic approach to realize the worst case is as follows.336

After adopting the budget of uncertainty, the uncertainty set of WFs and PV parks is described by337

(67)-(69) [35]. The degree of uncertainty of RESs in period t can be controlled by variable βx,t,s. The338

value of βx,t,s = 0 demonstrates that there is no uncertainty in renewable power production in period t,339

while βx,t,s = 1 demonstrates that the maximum renewable power uncertainty occurs in period t. The340

robustness level of the solution can be controlled by the budget of uncertainty (i.e., Γt). The budget of341

the uncertainty parameter can change from 0 to 1 in each scheduling interval. The greater value of Γt342

(e.g., 1) means that RPSO has selected a highly conservative state in period t. In contrast, a lower value343

of Γt means that the uncertain parameter is almost neglected in period t.344

Px,t ∈
[
P fx,t − βx,t,s · P̃x,t, P

f
x,t + βx,t,s · P̃x,t

]
, ∀x ∈ {w, p}, t, s, (67)

345 0 ≤ βx,t,s ≤ 1, ∀x ∈ {w, p}, t, s, (68)

346

∑
w∈W

βw,t,s +
∑
p∈P

βp,t,s ≤ Γt ∀t, s. (69)

Based on the uncertainty model of the RESs presented in (67)-(69), the renewable power curtailment347

constraint, which was shown in (29), and energy balance constraint, which was shown in (34), can be348

converted to (70) and (71), respectively.349

0 ≤ PCx,t,s ≤ P fx,t + βx,t,s · P̃x,t, ∀x ∈ {w, p}, t, s, (70)

350 ∑
x∈X

KNi,x · (P fx,t − βx,t,s · P̃x,t) ≥
∑
x∈X

KNi,x · PCx,t,s +
∑

m∈M
KNi,m · PDm,t+∑

j∈I
KNi,j ·PFij,t,s −

∑
g∈G

KNi,g · Pg,t,s −
∑
h∈H

KNi,h · Ph,t,s, ∀x ∈ {w, p}, i, t, s.
(71)

Subject to: (68) and (69)351

According to the duality theory [36], constraint (71) can be converted to (72)-(74).352

∑
x∈X

KNi,x · (P fx,t − rx,t,s)− (εt,s · Γt) =
∑
x∈X

KNi,x · PCx,t,s +
∑

m∈M
KNi,m · PDm,t+∑

j∈I
KNi,j ·PFij,t,s +

∑
h∈H

KNi,h · Ph,t,s −
∑
g∈G

KNi,g · Pg,t,s, ∀x ∈ {w, p}, i, t, s,
(72)

rx,t,s + εt,s ≥ P̃x,t, ∀x ∈ {w, p}, t, s, (73)
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353

rx,t,s, εt,s ≥ 0, ∀x ∈ {w, p}, t, s. (74)

where rx,t,s and εt,s are the dual variables of the initial problem. The constraint (70) can also be trans-354

formed into (75) based on the duality theory.355

0 ≤ PCx,t,s ≤ P fx,t + rx,t,s + εt,s · Γt, ∀x ∈ {w, p}, t, s. (75)

After performing this mathematical process, the distributed robust-stochastic SCUC model can be356

formulated as mixed-integer linear programming (MILP) problem, which can be solved using commercial357

optimization packages. The summary of the proposed model is as follows.358

• Objective function of the leader: RPSO aims to minimize the total operating cost by (1).359

• Constraints of the leader problem:360

1. Applying thermal unit constraints based on (2)-(28).361

2. Applying renewable power curtailments constraints based on (75).362

3. Satisfying technical limitations based on (30)-(33), (35), and (72)-(74).363

• Objective function of the follower: IEHO aims to minimize their own operating costs by (36)-364

(41).365

• Constraints of the follower problems:366

1. Applying CHP units constraints based on (42)-(46).367

2. Applying P2H storages constraints based on (47)-(54).368

3. Applying EES systems constraints based on (55)-(60).369

4. Performing multi-energy DRP based on (61)-(64).370

5. Satisfying energy balance limitations based on (65) and (66).371

4. Decentral solution methodology372

The proposed distributed robust-stochastic SCUC problem is in an MILP format that guarantees the373

global optimal solution. However, the operating problem of the renewable power system and IEHs are374

interdependent through (72), which due to this constraint, it is not possible to solve the optimization375

problems separately. Based on (72), the RPSO and IEHO are coupled with the hourly scheduling and376

exchange of electrical power at IEHs’ nodes. To address this issue, the standard Benders decomposition377

algorithm is applied to solve the proposed collaborative operation model in a decentralized manner while378

preserving the privacy of RPSO and IEHO. Benders decomposition algorithm is one of the most efficient379

decomposition techniques, which is used in power systems. The details of the implementation of the380

Benders decomposition algorithm are given in [37].381

The Benders decomposition can be utilized to exploit a separable framework for the two-stage robust-382

stochastic SCUC problem, where this problem is decomposed into an optimization problem as a master383
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problem for RPSO and several optimal operation problems at the level of IEHO as sub-problems, which384

will be solved separately.385

(I) Master problem (MP): RPSO is responsible for ensuring the operational security of the renewable386

power system and tries to minimize the total operation cost, including operation cost of thermal units387

and compensation cost of renewable power curtailments according to the optimal trade policy of power388

with IEHs. The general structure of the master problem at iteration tb is formulated as (76).389

Min : ÔTotaltb
,

ÔTotaltb
= CRPS +

∑
h∈H

Oapph ,

s.t. Operational constraints of the leader problem,

Feasibility cutting plane,

Optimality cutting plane.

(76)

where Oapph is a non-negative continuous variable that represents the operation cost of the IEH h as390

approximated by the RPSO. At each iteration, RPSO minimizes the total operation cost (i.e., ÔTotaltb
) as391

an effective lower bound (LB) of the optimal robust-stochastic SCUC model by considering all available392

Benders cuts constraints (LB = ÔTotaltb
).393

(II) Sub-problem of the hth IEH: After solving the master problem at each iteration, the optimal394

power trade schedule in the form of a tentative solution is passed to sub-problems that can be handled395

in parallel by individual IEHs. The IEHO determines the optimal dispatch of each IEH in two phases.396

In the first phase, IEHO checks whether the power exchange schedule obtained from the master problem397

is practically feasible by considering operational and technical constraints in each IEH operation. The398

feasibility check sub-problem for the hth IEH at iteration tb is stated as:399

Min : F̂ IEHtb,h,t,s
= ξP1

h,t,s + ξP2
h,t,s,

s.t. Operational constraints of followers problems,

Ph,t,s + ξP1
h,t,s = P̂tb,h,t,s + ξP2

h,t,s; (ΛPtb,h,t,s),

ξP1
h,t,s, ξ

P2
h,t,s ≥ 0.

(77)

where P̂tb,h,t,s is related to the power exchange amounts, which is obtained from the master problem.400

Moreover, ξP1
h,t,s and ξP2

h,t,s are non-negative slack variables, and ΛPtb,h,t,s is the dual variable associated401

with the first constraint of the problem (77). For a non-zero optimal objective value (F̂ IEHtb,h,t,s
6= 0),402

the determined power trade schedule via the master problem is infeasible. Hence, inequality (78) as the403

feasibility cut should be created and provided back to the master problem.404

F̂ IEHtb,h,t,s
+ ΛPtb,h,t,s ·

(
Ph,t,s − P̂tb,h,t,s

)
≤ 0. (78)

But if the optimal objective value F̂ IEHtb,h,t,s
equals to zero, the determined power trade schedule will be405
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feasible. In this case, the optimal values of all slack variables will be equal to zero. Upon completion of the406

feasibility check phase, the IEHO will solve the optimality sub-problem in the second phase as presented407

in (79).408

Min : ÔIEHtb,h
,

ÔIEHtb,h
=
∑
s∈S

σs · [
∑
k∈K

CCHPk,s +
∑
e∈E

CESe,s +
∑
q∈Q

CP2H
q,s +

∑
(l,n)∈
(L,N )

CMDR
l,n,s ],

s.t. Operational constraints of followers problems,

Ph,t,s = P̂tb,h,t,s (τPtb,h,t,s).

(79)

where ÔIEHtb,h
signifies the minimized operation cost for the hth IEH under the determined power trade409

schedule, and τPtb,h,t,s is the dual variable associated with the second constraint of the problem (79).410

After that, an effective upper bound (UB) of the optimal two-stage robust-stochastic SCUC model can411

be calculated by (80).412

UB = ÔTotaltb
+
∑
h∈H

(ÔIEHtb,h
−Oapph ). (80)

In each iteration, the convergence criterion of the Benders decomposition algorithm must be checked413

to decide whether it is necessary to perform the next iteration. A generally used convergence criterion is414

stated below:415

|UB − LB| ≤ ε. (81)

where ε is a pre-defined value that indicates the convergence threshold. But if the convergence criterion416

is not met, the optimality cut should be constructed according to (82), and then added to the master417

problem. The flowchart of the proposed problem-solving process is shown in Fig. 4.418

ÔIEHtb,h
+ τPtb,h,t,s ·

(
Ph,t,s − P̂tb,h,t,s

)
≤ Oapph . (82)

5. Case study and numerical results419

In this section, the developed collaborative decision-making structure is applied to the modified IEEE420

30-bus test system to validate the feasibility and efficiency of the proposed decentral optimization program.421

The scheduling horizon is one day (T = 24) with one-hour time slots. The numerical case studies are422

implemented in the environment of GAMS software on a personal computer with an Intel CoreTM i7-4500423

CPU and 6-GB RAM. The proposed MILP problem is solved by commercial solver MOSEK in which the424

relative gap and the solution time limits are adjusted to 0.1% and 10000 s. Moreover, the convergence425

tolerance of the Benders decomposition algorithm is set at 0.05%.426
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Fig. 4: Flowchart of the proposed algorithm.

5.1. Simulation setup427

The topology of the modified test system is shown in Fig. 5. This test system is composed of two428

integrated areas. The first area is related to the renewable power system, which includes 30 buses, six429

conventional thermal units, 2 WFs, 2 PV parks, and 21 electrical loads. Bus 1 represents the slack bus,430

with a voltage phase angle of zero. All technical specifications associated with the 30-bus test system431

are provided in [38]. It should be noted that the capacity of transmission lines and technical parameters432

of thermal units were adjusted according to the peak load. The second area covers the two industrial433

parks that are equipped with IEHs. IEHs are committed to providing the electrical and heat demands434

of local industrial consumers located in industrial parks. Two IEHs are respectively located at buses 21435

and 30, which are indicated by IEH1 and IEH2. Each IEH consists of a CHP unit, a EES system, and a436

P2H storage. Thus, in the whole integrated renewable energy system, there are two CHP units, two EES437

systems, and two P2H storages.438

The predicted values related to each WF and PV park productions, as well as the hourly forecasted439

energy demands of all entities, are shown in Figs. 6 and 7. The rated capacity of WFs, PV parks installed440

on buses 12, 21, 23, and 30 are equal to 275, 325, 185, and 335 MW, respectively. It should be mentioned441

that candidate buses for the installation of RESs were selected in accordance with the results of the442
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Fig. 5: Schematic of the proposed test system.

planning study carried out in [39]. In addition, all RESs produce active power at unity power factor.443

The share of each bus from the hourly electrical demand is presented in Fig. 8. Moreover, heat loads444

connected to the buses 21 and 30 have 40% and 60% share of the total heat demand, respectively. The445

characteristics of energy conversion facilities installed in IEHs are adopted from [40] and scaled to achieve446

180 MW of thermal energy. The essential technical characteristics are given in Table 2.447
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Fig. 6: Forecasted output power of each WF and PV park.

The penalty cost of renewable power curtailment (i.e., Πre) is set to 120 $/MW that is higher than448

the highest marginal cost of available thermal units, and the natural gas price (i.e., λg) is assumed to be449

15 $/MWh [40]. The maintenance costs of CHP units (i.e., ρk) and P2H storages (i.e., ρq) are considered450

27 $/MW and 50 $/MW, respectively [41]. Also, the EES degradation cost (i.e., ρe) is 50 $/MW [27].451
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Table 2: Specifications of the available equipment in IEHs.

Parameter Amount Parameter Amount

ηk, ηq 0.35, 0.05 Aq, Aq (MWh) 0, 60

ηche , ηdche 0.9, 0.9 P ch
e , P ch

e (MW) 5, 20

Pk, Pk (MW) 45, 160 P dch
e , P dch

e (MW) 5, 20

Hk, Hk (MW) 0, 115 Ae, Ae (MWh) 0, 60

Pq (MW) 40 βloss, βgain 0.3, 0.6

Hch
q , Hdis

q (MW) 20, 20 COP q 1.5

The incentive values for implementing multi-energy DRP are set to 20 $/MWh and 10 $/MWh for the452

electrical and heat loads, respectively. Furthermore, the coefficients αl and αn are assumed to be 15%453

and 10%, respectively.454

Five case studies are considered to investigate the impact of the proposed structure on improving the455

performance of the integrated renewable energy system. These include:456

• Case 1 : The optimal collaborative operation of the high-renewable power system and IEHs is457
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analyzed in a decentralized manner. In this case, IEHs are equipped with only CHP units and458

various uncertain parameters are not considered;459

• Case 2 : The EES system is plugged into existing IEHs, and then the effects of electrical storage on460

case 1 are investigated;461

• Case 3 : Case 2 is developed with considering the role of P2H storage in achieving the desired goals;462

• Case 4 : The benefits of implementing multi-energy DRP on improving the techno-economic per-463

formance of the integrated renewable energy system are evaluated according to the IEHs formed in464

case 3. In this case, the uncertainties of renewable power production and energy demands are also465

ignored.466

• Case 5 : The proposed robust-stochastic SCUC model is applied to manage the uncertainties of the467

renewable power production and energy demands of the local industrial consumers with respect to468

privacy provisions. In this case, multi-energy DRP and all energy conversion facilities are considered.469

The schematic of the proposed problem-solving process is shown in Fig. 9.470
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execute privacy-preserving 
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Performing the day-ahead SCUC 

problem in decentralized manner

Performing the hybrid robust-

stochastic model

 Define high-renewable power system 

structure by considering WFs and PV 

parks,

 Deploy IEHs into the industrial parks,

 Specify input parameters along with 

lower/upper bounds of each constraint.

 Solve deterministic SCUC model using 

Benders decomposition algorithm,

 Evaluate the impacts of various flexibility 

tools to achieve the desired goals.

 Analyze the role of various uncertain 

parameters in creating various 

challenges.

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

5.2. Comparative results with/without various tools471

To perform the collaborative operation scheme in terms of power trades, RPSO and IEHO optimize the472

scheduling of local energy resources by satisfying several operational/technical constraints in the renewable473

power system and IEHs. Figs. 10 and 11 show the total operation cost of the renewable power system474

and IEHs at each iteration of the Benders process for each case study. As can be seen, it takes 5, 5, 8, and475

10 iterations to reach optimal results in cases 1 to 4, respectively. After proceeding the iterations, RPSO476

coordinates the scheduled power exchange with IEHO at each hour, according to the governing targets in477

each entity.478

The hourly traded power between IEH1/IEH2 and the renewable power system for each case study479

are shown in Figs. 12 and 13, respectively. The negative values for traded power indicate that IEHs480
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are willing to deliver the surplus power to the renewable power system. As can be seen in these figures,481

regarding the capacity in each industrial park, IEH1 has more power demand from the renewable power482

system than IEH2 during the scheduling horizon. Meanwhile, IEH2 exhibits a higher tendency to transfer483

power to the renewable power system, specifically during the early and final intervals of the scheduling484

horizon. In both industrial areas, the highest traded power between IEHs and the renewable power system485

is related to case 3, where P2H storages are exploited as an efficient energy conversion facility.
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Tables 3 and 4 present the total electrical and heat demands supplied by different resources for each487

case study. As it is evident from Table 3, the IEHs act as a viable option to increase the hosting capacity488

of RESs and reduce the participation of thermal units in meeting the electricity demand of the integrated489

renewable energy system. For instance, in cases 2, the power generated by thermal units during the490

scheduling horizon decreased by about 4,544 MW compared to the base case (without the deployment491

of IEHs). Therefore, the amount of spinning reserve provided by thermal units can increase by up to492

25



2 4 6 8 1 0 1 2 1 4 1 6 1 8 2 0 2 2 2 4
- 5 0

0
5 0

1 0 0
1 5 0
2 0 0
2 5 0
3 0 0
3 5 0
4 0 0
4 5 0
5 0 0
5 5 0

Ex
cha

ng
ed 

po
we

r (M
W)

T i m e  ( h )

 I E H 1 _ C 1    I E H 1 _ C 2   I E H 1 _ C 3   I E H 1 _ C 4

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. In493

addition, case 4 demonstrates the capability of the proposed multi-energy DRP to enhance the reliability494

of the integrated renewable energy system by curtailing electrical demand (about 316 MW) using the495

DLC program. The distribution of the required demand among different sources, which are supported496

by different energy carriers, increases the flexibility and resilience of the renewable power system against497

potential risks associated with non-dispatchable power sources, natural disasters, and cyber attacks. From498

the heating point of view, CHP units act as the main supplier to cover the heat demand of industrial499

parks, which is due to its high production capacity.500

The total amount of renewable power curtailment in each WF and PV park for each case study are also501

presented in Figs. 14 and 15. The results demonstrate that the proposed privacy-preserving structure is502

able to dramatically reduce renewable power curtailment with optimal collaborative expansion scheduling.503

In accordance with case 2, by adding EESs to IEHs under the title of backup power stations, it is found504

that the amount of curtailed renewable power reduces by 19.77% when compared to case 1. In case 3,505
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Table 3: Optimal mix of various sources to procure total electrical demand for each case study.

T
o
ta
l
el
ec
tr
ic
a
l
d
em

a
n
d

(M
W

)

C
a
se

st
u
d
ie
s

P
ro
d
u
ct
io
n
o
f
th
er
m
a
l

u
n
it
s
(M

W
)

P
ro
d
u
ct
io
n
o
f
R
E
S
s

(M
W

)

P
ro
d
u
ct
io
n
o
f
C
H
P

u
n
it
s
(M

W
)

P
ro
d
u
ct
io
n
o
f
E
E
S
s
in

d
is
ch
a
rg
in
g
m
o
d
e
(M

W
)

P
ow

er
d
el
iv
er
ed

to
E
E
S
s

in
ch
a
rg
in
g
m
o
d
e
(M

W
)

P
ow

er
d
el
iv
er
ed

to
P
2
H

st
o
ra
g
es

(M
W

)

L
o
a
d
cu

rt
a
il
m
en

t
b
y

m
u
lt
i-
en

er
g
y
D
R
P

(M
W

)

56,886

Base
case

44,501.189 12,384.831 0 0 0 0 0

Case 1 40,172.19 12,825.482 3,888.346 0 0 0 0

Case 2 39,956.826 13,052.968 3,888.346 54.54 -66.66 0 0

Case 3 41,646.616 13,904.825 2,184.067 81.978 -100.195 -831.27 0

Case 4 41,212.74 13,959.254 2,074.721 18.635 -22.776 -673.512 316.956

Table 4: Optimal mix of various sources to procure total heat demand for each case study.
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3,938.609

Case 1 3,938.609 0 0 0 0

Case 2 3,938.609 0 0 0 0

Case 3 2,699.19 1,240.372 5.579 -6.533 0

Case 4 2,822.277 1,010.269 0 0 106.063

the amount of curtailed renewable power significantly decreases in comparison with cases 1 and 2 by506

incorporating the unique capabilities of P2H storages in the collaborative scheme to determine the power507

trading schedule. In addition, with the simultaneous use of P2H storages and multi-energy DRP in the508

collaborative scheduling approach among RPSO and IEHO, the values of curtailed wind and solar power509

had reached zero and 16.5 MW, respectively. These simulation results clearly reveal that the promoted510

IEHs in optimal coordination with the renewable power system had an effective role in reducing renewable511

power curtailment.512

In case 3, the effects of multi-energy DRP in coordination with EESs and P2H storages are evaluated513

on the performance of IEHs to achieve the desired targets. It is assumed that the multi-energy DRP is514

implemented only on the local industrial energy demands, which are located at buses 21 and 30. Figs. 16515

and 17 show the consequence of implementing multi-energy DRP on the electrical and heat demands of the516

industrial consumers connected to IEHs. According to these figures, the total electrical and heat demands517

of the industrial consumers reduce by up to 5.62% and 2.7%, respectively, which is one of the reasons518
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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.519

To further analyze the impact of the multi-energy DRP on the operation cost, the sensitivities of the520

renewable power curtailment cost and operation cost of IEHs to the multi-energy DRP participation rate521

variations are analyzed. This analysis is very useful for IEHO and RPSO to harness existing opportunities522

in the energy markets. The participation rates of electrical and heat demands for implementing multi-523

energy DRP changed from (αl,n−8)% to (αl,n+ 10)% applying nine equal steps. The obtained results for524

case 3 according to various participation rates are shown in Fig. 18. As can be seen from this figure, the525

total operation cost of IEHs decreases almost linearly. On the other hand, there are almost no changes in526

the renewable power curtailment cost up to values close to (αl + 4)% and (αn + 4)%. But, the renewable527

power curtailment cost dramatically increases with increasing the participation rates of electrical and heat528

demands to more than (αl + 4)% and (αn + 4)%. These results indicate that it is necessary to perform a529

trade-off between different targets for the ideal utilization of the multi-energy DRP.530

Table 5 presents a comprehensive economic comparison of different scheduling scenarios. As it is shown,531
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Fig. 16: The effect of multi-energy DRP on the local electrical demand of IEHs.
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Fig. 17: The effect of multi-energy DRP on the local heat demand of IEHs.
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the total operation cost of the renewable power system can be significantly reduced by deploying IEHs532

in industrial parks according to a decentralized collaborative operation. In accordance with case 1, with533

establishing IEHs along with the renewable power system under the title of sustainable energy producers,534

it is found that the amount of total operation cost of renewable power system decreases by 21.4% when535

compared to the base case. Moreover, the operation cost of the renewable power system decreases by up536

to 27.72% in case 2, 44.99% in case 3, and 48.11% in case 4 compared to the base case by adding EESs537

and P2H storage to each IEH as well as utilizing multi-energy DRP in the framework of IEHs. On the538

other hand, the total operation cost of IEHs reduces from $167,700 (case 1) to $103,910 (case 3) by using539

EESs and P2H storages. Finally, by examining the renewable power curtailment cost, which is reduced540

from $190,920 to $1,987.07 by implementing the proposed privacy-preserving decision-making structure,541

the impact of applying multi-energy DRP in the objective function is clearly revealed.542

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
system ($)

517410 406,650 373,960 284,598.49 268,507.07

Renewable power system operation cost
decrement (%)

- 21.4 27.72 44.99 48.11

Operation cost of energy conversion
facilities ($)

0 167,700 173,760 103,910 91,556.62

Incentive compensation costs of
multi-energy DRP ($)

0 0 0 0 14,333.38

Total operation cost of IEHs ($) 0 167,700 173,760 103,910 105,890

5.3. Impacts of uncertain parameters543

To more clearly technical and economic analysis, the impacts of uncertain parameters, i.e., renewable544

power production and electrical and heat demands of local industrial consumers, on the results of the545

collaborative operation are investigated using the adjusted hybrid robust-stochastic model. The energy546

demand prediction error follows a normal distribution function with a deviation of 10% and a mean of zero.547

To this end, one-hundred scenarios are generated by MC simulation, which is reduced to ten scenarios by548

the GAMS/SCENRED tool [42]. To handle the uncertainty associated with renewable power production,549

the value of uncertainty budget, i.e., Γt, in the robust model is increased by steps 0.02 from 0.02 to 0.2. To550

carry out the desired simulations, three different ranges for the maximum deviation between the forecasted551

and actual values (i.e., P̃x,t) are considered. The variation in the operation costs of the renewable power552

system and IEHs for different Γt when P̃x,t changes from 10% to 30% are shown in Figs. 19 and 20. As can553

be seen in Fig. 19, with increasing the amounts of Γt and P̃x,t, the operation cost of the renewable power554

system increases. The reason is that higher uncertainty budgets force RPSO to provide the required555

power from expensive units instead of the RESs. Similarly, according to Fig. 20, with increasing the556

robust approach parameters, the operation cost of IEHs also grows. However, although the operation cost557
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of IEHs has increased, the operation cost allocated to IEHs is still less than the deterministic method558

($105,890). This is due to the fact that by reducing the actual power generated by RESs compared to the559

forecasted value, the traded power between IEHs and the renewable power system also decreases. Traded560

power between IEH1/IEH2 and the renewable power system for 0.1Px,t is shown in Fig. 21. As clearly561

visible, the total traded power between IEH1/IEH2 and renewable power system decreases from 4343.48562

MW, when Γt = 0.02, to 3665.33 MW, when Γt = 0.2, during the scheduling horizon.563
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Fig. 19: Impact of Γt and P̃x,t on total operation cost of renewable power system.
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6. Conclusions and future work564

This paper presented a decentralized two-stage robust-stochastic model to achieve the optimal collab-565

orative operation of private IEHs with the renewable power system in a privacy-preserving manner. In the566

presented collaboration structure, RPSO interacted with IEHs in the leader-follower fashion to perform567

the SCUC problem, while the Benders decomposition algorithm was exploited to resolve the conflicts568

of private entities. The main goal of the developed privacy-preserving decision-making structure was to569

minimize the operation costs of each private entity by relying on establishing a sustainable power trading570

schedule between IEHO and RPSO. The proposed model considered uncertainties in RESs power and571

energy demands of local industrial consumers, where CHP units, EESs, P2H storages, and multi-energy572

DRP served as flexible tools in the framework of IEHs. The obtained numerical results in the 30-bus573

test system confirmed the effectiveness of the proposed decentral solution in creating an economical and574

secure operation between IEHs and renewable power systems. The simulation results demonstrated that575

the total operating costs of the renewable power system and IEHs could reduce by up to 48.11% and576

36.85%, respectively, using EESs, P2H storages, and multi-energy DRP. The results also showed the effect577

of P2H storage and multi-energy DRP on a significant reduction in renewable power curtailment.578

In future work, we will focus on the transactive energy mechanism between multiple networked IEHs579

to enhance the flexibility and resiliency of the integrated renewable energy system.580
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