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In this paper, a new framework for stochastic optimal economic-environmental energy management of an
energy hub (EH) is proposed. The uncertain Flexible loads, energy market prices, wind power generation
and power to gas (P2G) technology are also considered in the proposed structure. Here, an innovative
objective function including both operating and emissions costs is suggested and a self-adaptive hybrid
algorithm of hybrid bald eagle search and mutant grey wolf optimization (hBES-MGWO) is proposed for
solving such optimization problem. The simulation results indicate that flexible loads and their partic-
ipation in demand response programs (DRPs) can considerably reduce the operating costs of EH. More
participation of flexible loads in DRPs will cause to the lower operation cost. In this paper, an economic
model of responsive loads is employed based on elasticity of demand and customer benefit function. It is
shown that considering the emission cost in objective function leads to an increasement in EH’ operation
costs. It is also demonstrated that the proposed hBES-MGWO has higher accuracy in comparison with
the other optimization algorithms.
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NOMENCLATURE

A/S Ancillary/Service

Bat Battery

BES Bald eagle search algorithm

CAP Capacity market Program

CPP Critical Peak Pricing

CHP Combination heat and power

CO2 Carbon dioxide

CSC Cold start-up cost

DB Demand bidding

DLC Direct load control

DP Dynamic programming

DRP Demand response program

EDRP Emergency Demand Response Program

EH Energy hub

hBES-MGWO Hybrid bald eagle- modified gray wolf op-
timization

HO Heat only (Boiler)

HSC Hot start-up cost

IBPs Incentive-Based Programs
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I/C Interruptible/ Curtailable service

LFI Load flexibility index

LP Linear programming

MCS Monte Carlo Simulation

MDT Minimum shut down time

MILP Mixed-integer linear programming

MGWO Modified gray wolf optimization

NG Natural gas

NLP Non-linear programming

P2G Power to Gas

PDF Probability density functions

PSO Particle Swarm Optimization

RES Renewable energy resources

RTP Real-time pricing

SOC The state of charge

SUC Time startup and shutdown cost

TBRPs Time-Based Rate Programs

TOU Time of use

WT Wind turbine

Parameters

A WT cost coefficients

B Per kilowatt cost of WT

B(D(t)) The income of customer during t Per kilowatt cost
of Bat

CBat The cost of power stored in the battery storage

CE
CHP(t) CHP unit electric cost

CH
CHP(t) CHP unit heat cost

CFL Flexible load cost

CHO(t) The heat cost of a boiler

CHS(t) The cost of heat storage

CG(t) The cost of gas consumption in EH

CP2G(t) The P2G cost, which converts electrical energy into
gas

Cu Cost of power purchased from the national grid

CWT WT cost

CGStorage(t) The cost of gas storage

D Bat cost coefficients

D(t) Electricity demand in period t

E Per kilowatt charging or discharging cost of HS

ECHP Eemission produced by the CHP

EHO Emission produced by the HO

Eu Emission produced by the national network

ECost The cost of electrical energy

E(t, h) Price elasticity during t-th hour

EMCost The penalty for environmental pollution

F HS cost coefficients

GCost The cost of gas consumption in EH

G(t) The amount of gas consumption in EH

HCost The cost of thermal energy

H(t) The amount of heat, which is produced by the boiler

HCHP(t) The heat energy produced by CHP

Hch(t) Amount of charged heat in the storage

Hdch(t) Amount of discharged heat power in the storage

K Shape parameter

Nk represents the number of scenarios

Pbest Best position

PCHP(t) The generation power of CHP

PCh(t) Charging power of the battery

Pdch(t) Discharging power of the battery

PFL(t) Power reduction by the flexible load

Pij The power consumed by the load i and time interval j

fij Load flexibility value

PLoad(t) load power

Pmean(t) Details of last positions

P2G(t) Amount of electric power converted to gas

p(h) Price during h

Pu(t) The power exchanged with national grid

PWT(t) the generation power of wind

RDR(t) The reduced power from participation of flexible
loads in DRPs

S The customer’s benefit

TCost Cost of converting electrical energy to gas by the PtG

v Per kilowatt cost of CHP

vth Wind velocity

Xp Prey position vector
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α(t) The cost coefficient of the power exchanged

Γ CHP cost coefficients

δ Standard deviation of load

δk HO cost coefficients

λ CHP cost coefficients

µ Mean load

µk HO cost coefficients

η Per kilowatt cost of CHP

ζk HO cost coefficients

πk Probability of sth scenario

Ω Scale parameter

ω P2G cost coefficients

θ Per kilowatt cost of P2G

1. INTRODUCTION

Energy hub is considered as a fundamental concept for opera-
tion of multifarious energy carrier infrastructures such as nat-
ural gas (NG) and electricity [1]. It causes to achieve various
goals such as minimizing operating costs, improving reliability
as well as efficiency and reducing environmental emissions [2,
3]. Indeed, optimal operation of a multi-carrier energy system
can lead to different technical, economic and environmental
benefits [4]. In recent years, several methods are applied for
energy management system of EH. Traditional methods such
as linear programming(LP) [5], non-linear programming (NLP)
[6] and dynamic programming methodologies [7] are utilized
for EH operation management. In reference [8], an EH’ energy
management system is proposed in a combined on/off and con-
tinuous operation mode with power sharing, which is solved
by the linear programming and mixed-integer linear program-
ming (MILP) methods. The authors in [9] employed the GAMS
software to solve a MILP-based modular energy management
system for urban multi-energy systems. Herein, DRPs are imple-
mented to decrease the variable nature of distributed resources,
improve the load factor and reduce peak load. It should be
mentioned that Meta-heuristic methods such as particle swarm
algorithm [10], genetic algorithm [11], living organisms search al-
gorithm [12], bee colony algorithm [13], cuckoo search algorithm
[14], multi-objective two-level optimization algorithm [15], and
other algorithms [16-18] have been also considered for energy
management in EH with multifarious objectives. In the past
years, various uncertainties in load [19], renewable resource’
generation [20] and electricity market price [21] have been ap-
peared in EH, while considering these uncertainties will lead to
more accurate operation and planning of energy hub. Although
various methods are used to estimate the renewable resource
generation, electricity demand and prices, inherent prediction
errors can cause deviations from optimal scheduling and result
in inefficient energy hub operations [22]. In [23], machine learn-
ing is utilized for managing both electrical and heat resources
in an EH, where the uncertainty in electrical and heat demand
is modeled by normal probability density function (PDF). The
authors in [24] have considered the impact of wind and load

uncertainties on EH operation cost, while wind and load uncer-
tainties are modeled using the Weibull and normal PDFs. In [25],
an MILP approach is used with the simultaneous objective of re-
ducing costs and emission in EH considering the uncertainties of
load and renewable resources with Monte Carlo method. Load
uncertainty is also modeled with a two-point estimation method
in [26]. Reference [27] has been emphasized on improving the
quality of both electrical and thermal power in uncertain micro
grids and the particle swarm optimization (PSO) algorithm is
used to solve such optimization problem. DRPs can be used as
demand side option, which are divided into two main categories
namely, Incentive-Based Programs (IBPs) and Time-Based Rate
Programs (TBRPs). While DRPs have several economic advan-
tages, they can create complications in the energy management
of an EH [28]. Reference [29] presents an optimal scheduling in
an energy hub that includes photovoltaic resources, compressed
air storage and responsive loads with the aim of reducing the op-
erating cost. Upon reviewing the research background, further
studies are necessary on the utilization of power to gas technol-
ogy and flexible loads in EH scheduling. Hence, the proposed
EH is equipped with P2G technology, wind turbines, battery
storage, boilers, heat storage and a combined heat and power
(CHP). This paper investigates the impact of P2G technology
and DRPs on operating cost of EH. Here, an economic model of
responsive loads is extracted based on the concept of elasticity
of demand and customer benefit function. A scenario-based
approach is proposed for energy management and prediction
of wind units and storage capacity over a 24-hour time period.
The proposed method implements the PDF corresponding to
each uncertainty resource and selects scenarios with appropriate
dispersion using Monte Carlo simulation. The objective function
of EH operation problem is consist of total operating cost as
well as emission cost in different scenarios. It is notable that in
each scenario, the probability of occurrence will effect on the
final value of the objective function. Additionally, the lack of
correct selection of coefficients in some optimization algorithms
has resulted in low accuracy and being trapped in local optima,
which is another significant problem highlighted in previous
studies. In order to solve such optimization problem, the hy-
brid bald eagle search and modified gray wolf hybrid algorithm
(hBES-MGWO) is proposed in this paper. The proposed algo-
rithm combines the features of bald eagle and mutated gray wolf
optimization algorithms, allowing for a wider and more precise
search space while avoiding local optima. Table 1 summarizes
the most recently published research on the management of the
energy hub.

According to the literature review and Table 1, the main
contributions of this manuscript can be summarized as follow:
This study proposes several innovative approaches to energy
hub (EH) management, including:

• Introducing a stochastic approach to investigate the EH’
uncertainty in the presence of flexible loads and DRPs

• Recommending a weighted objective function for differ-
ent scenarios with their probability of occurrence which
provides a more accurate representation of the real-world
scenarios

• Introducing a novel hybrid optimization algorithm the so-
called hBES-MGWO to solve such EH energy management
problem.

• Introducing a novel hybrid optimization algorithm the so-



Research Article Journal of Energy Management and Technology (JEMT) Vol. 8, Issue 3 227

Table 1. Comparing the proposed model with recent research

Refs
Technologies Uncertanity Demand model Objective

ES HS P2G RES Load DRP LFI costs emissions

[1] y n y y n n n y n

[2] y n n y n n n y n

[3],[13] y y n n n y n y n

[5],[24] y y n y y n n y n

[6] n n n n n n n y n

[7] n n n y y n n y n

[10] y y n y y n n y y

[11] y n n n n n n y y

[15],[27] y y n n n n n y y

[19] y y n y y y n y y

[20] y y n y n y n y y

[21],[45] y y n y n n n y n

[23] y y n n y y n y n

[25] y y n y y y n y y

[29],[44] y y n y y y n y n

[43] y y y y y y n y y

[46] y y y y n n n y y

Proposed y y y y y y y y y
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Fig. 1. Energy hub with different generation and storage units

called hBES-MGWO to solve such EH energy management prob-
lem.

2. SYSTEM MODEL

In this section, provides a primer on energy hub and the con-
cept of P2G is briefly introduced. In the subsequent sections, a
stochastic optimization problem of EH, the objective function
and constraints are presented in terms of EH variables.

A. Energy Hub with P2G Storage

Energy hub encompasses various energy and storage resources
along with transmission and communication lines with the aim
of achieving different objectives such as reducing operational
costs, improving reliability, improving power quality and re-
ducing environmental emissions. Figure 1 provides an EH that
includes wind turbine (WT), a boiler or heat only (HO), CHP,
heat storage, and an electric vehicle parking as an energy stor-
age device. Here, P2G technology is also employed to convert
electrical energy into gas and use it in HO and CHP units. P2G is
a novel technology that enables the conversion of surplus electri-
cal energy of EH into natural gas in some hours. The process of
converting electricity into gas by P2G includes two main steps.
In the first step, P2G allows the EH to convert excess energy of
an hour into natural gas, which can be utilized in generating
electricity or heat in other hours. The process of water electroly-
sis in the first step is carried out using electricity, which converts
water into oxygen and hydrogen gases as follows [30]:

2H2O→ 2H2 + O2 (1)

In the second step, the produced hydrogen is combined with
carbon dioxide (CO2) in a process called methanation:

4H2 + CO2 → 2H2O + CH4 (2)

It should be mentioned that in addition to producing natural
gas, the hydrogen in step 1 can also be used separately. It is
worth noting that the hydrogen production process is much
more efficient than the entire P2G process.

B. Development of Responsive Load Economic Model
Demand response resources are as the consequence of imple-
menting DRPs which can be classified as a set of system operator
-based programs that allow end users to provide interruptible
load as a commodity in the electricity market. These programs
are divided into two basic categories namely; Incentive-Based
Programs (IBPs) and Time-Based Rate Programs (TBRPs). Each
of these categories is consist of several programs. In time-based
rate programs i.e. Time of Use (TOU), Real Time Pricing (RTP)
and Critical Peak Pricing (CPP), the electricity price changes
for different periods [31]. IBPs are designed to minimize price
spikes when load demand is relatively high compared to rea-
sonably available generation. These programs provide various
incentives for end users to reduce load or use on-site genera-
tion during high price periods [31]. IBPs include Direct Load
Control (DLC), Emergency Demand Response Program (EDRP),
Interruptible/ Curtailable service (I/C), Capacity market Pro-
gram (CAP), Demand Bidding (DB) and Ancillary Service (A/S)
programs. By reducing the energy consumption during peak
hours, the need for additional power generation facilities is con-
siderably reduced, which improves the efficiency of the power
system. The focus of this paper is on implementation of TBRPs.
More detailed explanations about DRPs can be found in [31]. In
EH, DRPs can be modeled using statistical and mathematical
analysis. Appropriate modeling of DRPs causes to optimize en-
ergy consumption in EH and determines the electricity price to
maintain a balance between power supply and demand. In the
following, an economic model of TBRPs is derived base on price
elasticity of demand and customer benefit function. Price elas-
ticity can be determined as the sensitivity of electricity demand
to price changes, which can be defined as [32]:

E(t, h) =
P(h)∂D(t)
D(t)∂P(h)

(3)

Equation (3) expresses the consumption changes in period t ac-
cording to price changes in period h. If B(D (t)) be the income of
customer during t-th hour from the use of D(t) kWh of electricity,
then the customer’s benefit, S for the t-th hour will be as [33,34]:

S = B(D(t))− D(t)P(t) (4)

According to the classical optimization rules, to maximize the
customer’s benefit,∂S/∂D(t) should be equal to zero.

dS
d(D(t)) = 0→ dB(D(t))

dt − P (t) = 0

→ dB(D(t))
dt = P (t)

(5)

In this paper, a benefit function is used as the following [35]:

B (D (t)) = B0 (t) + P0 (t) [D (t)− D0 (t)] .{
1 + D(t)−D0(t)

2E(t)×D0(t)

} (6)

Differentiating the above equation with respect to D(t) and Sub-
stituting the result in (5) results in

P (t) = P0 (t)
{

1 +
D (t)− D0 (t)
E (t)× D0 (t)

}
(7)

Therefore, customer’s demand can be represented as equation
(8), which represents the single period elastic load model

D (t) = D0 (t)
{

1 + E (t)
P (t)− P0 (t)

P (t)

}
(8)
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Using the cross elasticity definition, the multi period elastic load
model of customer response function can be obtained as follows
[36-37]:

D (t) = D0 (t)

{
1 +

24

∑
h=1,h 6=t

E (t, h)
[

P (h)− P0 (h)
P0 (h)

]}
(9)

By combining (9) and (8), the responsive load economic model
can be presented as

D (t) = D0 (t)


1 + E (t)

[
P(h)−P0(h)

P0(h)

]
+

24
∑

h=1,h 6=t
E (t, h)

[
P(h)−P0(h)

P0(h)

]
 (10)

C. Evaluation of Load Flexibility Index
Flexibility is defined as the system’s ability to face with un-
certainties at an acceptable level in a reasonable time and at
a reasonable cost. Load flexibility in EHs refers to the ability
of an energy hub to continuously adjust its electricity demand
and supply to maintain a reliable and efficient operation. This
involves utilizing various fast ramp resources such as energy
storages and DRPs. By optimizing the load flexibility, it is pos-
sible to increase the integration of renewable energy resources
in EH. This is essential for achieving a sustainable and reliable
energy system that can meet the changing demands of modern
society. Equation (11) presents the scheduling of an energy hub
with n flexible loads during a time interval of t=[1 m] as:

P∗ =


P∗11 · · · P∗1n

...
. . .

...

P∗m1 · · · P∗mn

 (11)

In flexibility analysis, the main objective is determining the
extent that the values of matrix arrays can be altered as well as
their maximum allowable changes. According to equation (12),
the positive and negative power changes are directly related to
flexibility value, which is determined by using equation (13).

∆Pij = Pnew
ij − P∗ij (12)

fij =
∆Pij

Pnew
ij

(13)

Therefore, load flexibility index (LFI) for an EH can be calculated
as

[LFI = ∑
∀i

fij (14)

D. Uncertainties in Proposed EH Framework
The lack of precise information about parameter values, system
components and measurements are represented by the uncer-
tainty. The uncertainty issue is a significant concern in operation
of EH owing to frequent changes in both load and generation.
In the proposed EH framework, different supply- and demand-
side uncertainties such as electrical and thermal loads, and re-
newable energy resource are considered. In order to effectively
manage the uncertainty of electric load, the normal PDF is uti-
lized as (15) [38]:

f (x) =
1√

2π × σ
exp(− (x− µ)2

2× (σ)2 (15)

In equation (15), µ and σ represent the mean and standard devi-
ation of the previous data, respectively. Similarly, the electricity
price is influenced by various factors such as the value of de-
mand as well as generation, weather conditions and fuel cost.
In order to model the uncertainty of electricity price, the normal
PDF is commonly used as (15). In order to model the uncertainty
of wind units, the Weibull PDF can be employed as (16):

f WT
t,h (υ) =

 k
Ω × (

υt,h
Ω )K−1 exp(−( υt,h

Ω )K), f or Ω > 1, k > 0

0 otherwise
(16)

In this paper, Monte Carlo as a stochastic simulation method has
been utilized to select scenarios from PDFs. By repeating ran-
dom experiments, Monte Carlo provides a means of improving
and reaching an optimal state for a given problem as follows
[39].
1. Defining the problem: In this step, the problem must be math-
ematically defined including its variables and parameters.
2. Generating random data: Random data should be generated
to be used in PDFs of uncertain parameters such as renewable
resources generation and electric vehicle charging and discharg-
ing power.
3. Running the simulation: In this step, the aforementioned
random data are employed to extract the output of each scenario
using PDFs.
4. Analyzing the results: In this step, the obtained results must
be analyzed. The best scenarios will be determined based on
mean and variance values.
5. Choosing the optimal scenario: In this step, the optimal sce-
nario is chosen based on productivity or other desired criterions.
In summary, Monte Carlo is a powerful tool for scenario selec-
tion in complex decision-making and optimization problems.
This method makes it possible to identify the best scenario to
achieve the desired goal by generating random data and analyz-
ing the obtained results.

E. Objective Function and Constraints of Energy Hub
Scheduling

The proposed objectives function for EH operation is defined in
equation (17), while different scenarios are selected for consider-
ing uncertainty.

f = min ∑NK

s=1 πκ

 ECost (s) + HCost (s) + TCost (s)

+EMCost (s) + Gcost (s)

 (17)

The operation cost in each scenario is multiplied by its prob-
ability and the results are added together to obtain the final
cost. The proposed objective function is consist of ECost as the
cost of electrical energy, HCost as the cost of thermal energy,
TCost as the cost of converting electric energy into gas by the
P2G unit, EMCost as the penalty for environmental pollution
caused by the production of electricity or heat by resources, and
Gcost as the cost of gas consumption in EH. The probability of
different scenarios is assumed to be equal and Nk represents
the number of scenarios. ECost is formulated in (18), which is
a combination of the power generation’ purchased cost from
the national grid, the cost of CHP unit and the compensation
of flexible loads. Flexible loads can significantly contribute to
operation costs reduction.

ECost = ∑T
t=1(CU (t) + CWT (t) + CE

CHP (t)

+CBat (t) + CFL (t))
(18)
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In (18), Cu(t) represents the cost of power purchased from the
national grid, CWT(t) is the cost of wind units, CECHP(t) is
the cost of CHP units, CBat(t) is the cost of power stored in the
battery storage and CFL(t) is the cost of flexible loads in period
t. The total scheduling period is denoted by T (i.e. T = 1, 2, ...,
24). Here, the cost of purchasing energy from the national grid
is presented as:

CU (t) = α (t) Pu (t) (19)

Where, Pu(t) represent the power exchanged in period t and α(t)
is the cost coefficient of the power exchanged with the national
network in that hour. The generation cost of wind units and
CHP are formulated by equations (20) and (21), respectively.

CWT (t) = A + BPWT (t) (20)

CE
CHP (t) = λ + ηPCHP (t) (21)

where, PWT(t) and PCHP(t) represent the generation power of
wind and CHP resources, respectively. A , B, λ and η are also the
cost’ coefficients for the abovementioned resources. The battery
storage cost is also calculated as:

CBat (t) = (PCh (t) + PdCh (t))× C + D (22)

where, PCh(t) and PdCh(t) represents the charging and discharg-
ing power of the battery, respectively, while C and D are the cost’
coefficients. The demand response resources for flexible loads
can be formulated as:

CFL (t) = ∆PFL (t)× RDR (t) (23)

In (23), RDR(t) is the reduced power from participation of flex-
ible loads in DRPs The cost of heat energy is also presented
as

HCost = ∑T
t=1(C

H
CHP (t) + CHO (t) + CHS (t)) (24)

Where, CH
CHP(t) is the heat cost of CHP unit and CHS(t) is the

cost of heat storage. CHO(t) is the heat cost of a boiler, which
can be formulated as

CHO(t) = ζk H2(t) + µk H(t) + σk

+SUC× |(U(t)−U(t− 1)|
(25)

In (25), H(t) is the amount of heat, which is produced by the
boiler and ζk ,µk and σk are the cost’ coefficients. SUC is also the
start-up cost as follows:

SUC =

 HSC To f f ≤ CST + MDT

CSC To f f > CST + MDT
(26)

Where, HSC and CSC are the hot and cold start-up costs, respec-
tively. CST is the required time for cold start-up and MDT is the
minimum shut down time of each boiler. The heat production
cost of a CHP unit is also calculated as:

CH
CHP (t) = Γ + υHCHP (t) (27)

Where HCHP(t) is the heat energy produced by CHP. υ and Γ
are also CHP cost coefficients. Equation (28) presents the cost of
heat storage.

CHS (t) = (HCh (t) + HdCh (t))× E + F (28)

Where, HCh(t) and HdCh(t) are the amount of charged and dis-
charged heat of the storage, respectively, while E and F are its

cost coefficients. The cost of converting electrical energy into gas
is defined as:

TCost = ∑T
t=1(CP2G (t) + CG−storage (t)) (29)

In (29), CP2G(t) is the P2G cost, which converts electrical energy
into gas and CG-storage(t) is the cost of gas storage

CP2G (t) = ω + θPP2G (t) (30)

CG−storage (t) = ζ + ςG (t) (31)

The emission cost can also calculate as follows.

EMCost =
T

∑
t=1


(

PCHP(t) + HCHP(t)
)
× ECHP

+HHO(t)× EHO + Pu(t)× Eu

 (32)

Where, ECHP, EHO and Eu are hg/MWh emission produced
by the CHP, HO and national network at time t, respectively.
Reducing the cost of power generation leads to an increasement
in the environmental emission and vice versa. It means that both
operation cost and emission cannot set in their minimum level
at the same time. Finally, the cost of gas consumption in EH can
be formulated as:

GCost = ∑T
t=1(G (t))CG (t) (33)

In (33), G(t) and CG(t) are the amount and cost of gas consump-
tion in EH at hour t, respectively. The objective function of EH
scheduling problem is subject to the following constraints. - Elec-
tric power balance constraint: Power supplied from generation
units and DRPs must satisfy the electric power consumption in
each hour.

Pu(t) + PCHP(t) + PWT(t) + PBat
dCh(t)

= PLoad(t) + PBat
Ch (t)− PFL(t)

(34)

Heat power balance constraint: The amount of heat power gen-
eration and its consumption in each hour are equal as shown in
(35).

HCHP(t) + HHO(t) + HdCh(t) = HLoad(t) + HCh(t) (35)

Power exchange with network constraint: The amount of electric
power exchange with upstream network can be formulated as:

PMin
u ≤ Pu(t) ≤ PMax

u (36)

CHP performance areas: The electrical and heat power produced
by CHP units is subjected to constraint (37), which should be
restricted between upper and lower bounds [40].

PCHP
j,t −PCHP

j,A −
PCHP

j,A −PCHP
j,B

HCHP
j,A −HCHP

j,B
×
(

HCHP
j,t −HCHP

j,A

)
≤ 0 (37)

PCHP
j,t −PCHP

j,B − PCHP
j,B −PCHP

j,C

HCHP
j,B −HCHP

j,C
×
(

HCHP
j,t −HCHP

j,B

)
≥ −

(
1−VCHP

j,t

)
×M

(38)

PCHP
j,t −PCHP

j,C − PCHP
j,C −PCHP

j,D

HCHP
j,C −HCHP

j,D
×
(

HCHP
j,t −HCHP

j,C

)
≥ −

(
1−VCHP

j,t

)
×M

(39)

0 ≤ PCHP
j,t ≤ PCHP

j,A ×VCHP
j,t (40)

0 ≤ HCHP
j,t ≤ HCHP

j,B ×VCHP
j,t (41)
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Here, PCHP
j,t and HCHP

j,t are the output electric and heat power of
the CHP j unit in hour t, respectively. - Heat only unit constraint:
The HO unit heat power generation can be presented as:

HMin
HO ≤ HHO(t) ≤ HMax

HO (42)

Battery constraint: Charging and discharging rates as well as the
charge and discharge level of batteries are considered to increase
its life.

PdCh(t) ≤ PMax
dCh

PCh(t) ≤ PMax
Ch

(43)

ECh(t) ≤ ψcharge−max

EdCh(t) ≥ ψcharge−min
(44)

3. THE PROPOSED OPTIMIZATION ALGORITHM

Gray Wolf Optimization (GWO) is a particle-based algorithm
which is modeled on how to hunt gray wolves. The gray wolves
are categorized in four levels called α, β, δand ω. The gray wolf
hunting consists of three stages. The first stage includes search-
ing space, running and approaching hunting. The second stage
is comprised chasing, besieging, and boring the hunt, while at-
tacking to the prey is encompassed in stage 3. The gray wolves
hunting can be formulated as follow [41].

~D =
∣∣∣~C.~Xp(ite)− ~X(ite)

∣∣∣ (45)

~X(t + 1) = ~Xp(t)− ~A.~D (46)

Where, Xp is prey position vector, X is gray wolf position vector,
A and C are the vectors coefficients and ite is the algorithm
current iteration number. The A and C can be calculated as

~A = 2~α.~r1 −~α (47)

~X(t + 1) = ~Xp(t)− ~A.~D (48)

Where r1 and r2 are two uniform random vector and α is a
component which decreases from 2 to zero. Therefore, when
the A value is in rage of [-1, 1], the next position of the particle
will be in any paces between the current and hunting positions.
The C value is in rage of [0, 2] and it provides different weights
for prey to show the effect of the pray on distance detection
randomly as significant(C > 1) or insignificant (C < 1). In each
iteration, α, β and δ wolves estimate the probable places of the
prey. The hunting procedure is almost performed by α wolf and
occasionally, it is fulfilled by β and δ wolves. Therefore, the three
best results are accumulated and omega wolves are forced to
change their positions toward best positions. Selected places
tend to diverge from prey for |A| > 1 and tend to diverge at
prey for |A| < 1. The wolves’ position update can be formulated
as follow:

~Dα =
∣∣∣~C1.~Xα − ~X

∣∣∣ , ~Dβ =
∣∣∣~C2.~Xβ − ~X

∣∣∣ ,

~Dδ =
∣∣∣~C3.~Xδ − ~X

∣∣∣ (49)

~X1 = ~Xα − ~A1.(~Dα), ~X2 = ~Xβ − ~A2.(~Dβ),

~X3 = ~Xδ − ~A3.(~Dδ)
(50)

X̄(ite + 1) =
~X1 + ~X2 + ~X3

3
(51)

The MGWO algorithm is consisted of two ideas. First one is

Fig. 2. Overview of the proposed hBES-MGWO algorithm

based on Pareto front and the second one is a strategy of selecting
a leader which can help to select α, β and δ wolves as leaders
in the hunting procedure. It is worth mentioning that for all
iterations, a specific number of populations are considered for
the repository. For all iterations, the dominant populations are
compared with the repository populations. Three best solutions
of dominant populations are segregated as α, β and δ wolves.
The positions of the population are updated by the position of
three leaders.

A. BES Algorithm
The BES algorithm is also a population-based optimization al-
gorithm which is modeled on how to hunt bald eagle. The bald
eagles hunt from almost high-level position and it is able to track
fishes from that position. The BES algorithm is consisted of three
stages such as space selection, search and swooping [42]. For
space selection part, the bald eagles select the best position to
search for prey, which be formulated as:

Pnew
i = Pbest + ε× rand× (Pmean − Pi) (52)

where, Pmean is the details of last positions, Pbest is the best posi-
tion with high number of fishes, rand is a uniform distributed
random number and finally, ε is the BES parameter in range of
1.5 and 2. For the proposed BES algorithm, the ε parameter is
not constant and it is calculated by equation (53). Selecting the
dynamic coefficient for ε causes that the BES algorithm finds the
optimal solution with high accuracy.

ε = ε0 (1 + (iteMax − ite)/iteMax) (53)

For searching stage, the bald eagles flight in a spiral way in the
search space and select the best position for prey hunting. This
stage enables the BES algorithm for finding new positions and
increase diversity. The search space part can be formulated as:

Pi , new = Pi + y (i)× (Pi − Pi+1) + x(i)× (Pi − Pmean) (54)
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x (i) =
xr(i)

max(|xr|) (55)

y(i) =
yr(i)

max(|yr|) (56)

xr(i) = r(i)× sin (θ(i)) (57)

yr(i) = r(i)× cos (θ(i)) (58)

θ(i) = a× π × rand (59)

r(i) = θ(i)× R× rand (60)

Where, R and a are two algorithm parameters in range of [0.5, 2]
and [5, 10], respectively. R determines the number of cycles.
Eventually, in the swooping step, eagles dive from the best
position towards the prey. The swooping step can be formulated
as follows.

Pi , new = rand× Pbest + x1(i)× (Pi − c1× Pmean)

+y1 (i)× (Pi − c2× Pbest)
(61)

x1 (i) =
xr(i)

max(|xr|) (62)

y1 (i) =
yr(i)

max(|yr|) (63)

xr(i) = r(i)× sinh [θ(i))] (64)

yr(i) = r(i)× cosh [θ(i))] (65)

θ(i) = a× π × rand (66)

r(i) = θ(i)× R× rand (67)

The best solution can be found by multiplying the center position
and current position division of polar of horizontal axis and
multiplying best solution and current position division in the
vertical axis. The parameters c1 and c2 increase the eagle search
movement intensity.

B. The proposed hBES-MGWO Algorithm
The performances of all optimization algorithms are highly de-
pendent on their parameters. If the algorithm parameters are
not selected correctly, there is a possibility of non-convergence
or getting trapped in local optimal points. In order to facilitate
the aforementioned challenge in this paper, it is suggested that
the parameters of MGWO algorithm are selected optimally by
the BES algorithm. In Fig. 3, the flowchart of proposed hBES-
MGWO algorithm is depicted. High accuracy as well as not
getting trapped in the local optimal points can be expressed as
prominent features of the proposed optimization algorithm. The
correctness of this statement has been proven by performing op-
timization on standard benchmarks and comparing with other
optimization algorithms.

4. SIMULATION RESULTS AND DISCUSSION

In this section, the proposed hBES-MGWO algorithm is evalu-
ated based on different scenarios using the Monte Carlo simu-
lation mechanism. The simulation is conducted on an EH that
comprises CHP and boiler units, a wind power plant, electrical
and heat storage systems and P2G to supply electrical, thermal
and local natural gas. Fig. 4 illustrates the demand for electric,
heat, and natural gas. Fig. 5 also presents the power generation
of wind unit. It should be mentioned that the wind unit capacity
is assumed equal to 50 kW. Here, Monte Carlo simulation is
used to generate 1000 scenarios, and SCENRED is employed for

Fig. 3. The flowchart of proposed hBES-MGWO optimization
algorithm

Fig. 4. (a) The electrical and gas (b) The heat EH energy con-
sumption
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Fig. 5. The WT output power generation

Fig. 6. Probability of selected scenarios by SCENRED

Fig. 7. Electric energy and gas prices

Fig. 8. The convergence curves of optimization algorithms in
case study 1

Table 2. Optimization results in case study 1

Total cost

(cent)

Power cost

(cent)

Gas cost

(cent)

Optimization

Algorithm

40303.4 15118.19 25185.21 PSO

40236.31 15146.93 25089.38 BES

40293.24 15074.16 25219.08 GWO

40291.92 15104.26 25187.67 MILP[43]

40033.15 14849.88 25183.27
Proposed hBES

-MGWOP

scenario reduction, while the probability of ten selected scenar-
ios is illustrated in Fig.6. Fig. 7 also displays the market price of
electricity and gas for the 24-hour period.

The simulation result is carried out in three case studies. In
case study 1, the optimal scheduling of EH is evaluated consid-
ering uncertainties without flexible loads and the environmental
emission penalty. In the second case study, the impact of respon-
sive loads and DRPs on optimal energy management is assessed,
while still disregards the environmental emission penalty. In
case study 3, the impact of environmental emission penalty is
investigated in operation of energy hub. In order to validate
the results of proposed hBES-MGWO algorithm, BES, GWO,
Particle Swarm Optimization (PSO), and Mixed-Integer Linear
Programming (MILP) algorithms are utilized form [43] and the
simulation results are compared with each other.

A. Case Study 1

In case study 1, the optimal operation of energy hub is studied
without considering DRPs and environmental emission penalty.
Fig. 8 illustrates the convergence process of proposed hBES-
MGWO algorithm in comparison with BES, GWO and PSO,
while the results are presented in Table 2. According to Table
2, operation cost of EH with the proposed hBES-MGWO algo-
rithm is equal to 40033.15 cents, which is less than the costs of
other optimization algorithms. Fig. 9 also illustrates the hourly
performance of the P2G technology.

When the price of electricity decreases, the system operator
purchases electricity from the national grid and converts it into
natural gas using P2G. The natural gas is then stored in gas
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Fig. 9. P2G performance in case study 1

Table 3. Optimization results in case study 1

Total cost

(cent)

Power cost

(cent)

Gas cost

(cent)

Optimization

Algorithm

39238.01 14052.8 25185.21 PSO

39212.55 14123.17 25089.38 BES

39222.04 14002.96 25219.08 GWO

39209.36 14021.69 25187.67 MILP

39195.05 14011.78 25183.27
Proposed hBES

-MGWO

tanks. Hence, when the price of natural gas increases, the P2G
unit injects the stored gas into the EH. During the early hours
of each day and late hours at night, when electricity price is
low, electricity is converted into gas. Between 10 A.M. and 6 P.
M., instead of purchasing gas from the national gas network,
the stored gas is utilized to generate electricity and heat in an
energy hub. According to Fig. 10-a and 10-b, it can be observed
that purchasing power from the national grid is increased from
1 P.M. to 7 P.M. and from 11 P.M. when P2G unit is charged.
During the discharge mode from 11 A.M. to 7 P.M., the amount
of purchased natural gas from the network is also decreased. It
is also worth noting that a portion of the gas produced using
the P2G technology is utilized for heat production, while the
remaining gas is used for electricity generation.

B. Case Study 2

In case study 2, the optimal operation of energy hub is car-
ried out considering DRPs and without environmental emission
penalty. Here, 10% of consumers are considered as responsive
load. Fig. 11 illustrates the convergence process of proposed
hBES-MGWO algorithm in comparison with BES, GWO and
PSO, while the results are presented in Table 3 in presence of
flexible loads. Table 3 demonstrates the effectiveness of the
proposed hBES-MGWO algorithm in comparison with other
optimization algorithms in the presence of DRPs. Specifically,
the operating cost of EH using the proposed algorithm in case
study 2 is found to be 39195.05 cents, which is lower than the
costs obtained with PSO, BES, GWO and MILP algorithms. The
results emphasize that considering flexible loads and consumers’
participation in DRPs cause to reduce cost. Fig. 12 illustrates the
LFI index values considering the proposed algorithm and other
ones. Fig. 13 also displays the impact of the flexible loads on the
electric load profile in case study 2. Fig. 14 demonstrates the
impact of flexible loads on purchasing electric power. It is shown
that during peak hours, the amount of purchasing electric power

Fig. 10. (a) The electrical power purchased from the national
grid in case study 1. (b) The amount of gas purchased from the
national gas network in case study 1

Fig. 11. The convergence curves of optimization algorithms in
case study 2

Fig. 12. The load flexibility index in case study 2
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Fig. 13. The impact of flexible loads on the electric load profile
in case study 2

Fig. 14. The impact of flexible loads on the amount of energy
exchange

is reduced in comparison with case study 1 without considering
DRPs. The total operating cost in case 2 is 39195.05 cents, which
indicates a considerable reduction in operating costs. Accord-
ing to Fig. 15, a sensitivity analysis is performed to evaluate
the impact of participation rate of DRPs on operating cost. The
participation rate of consumers in DRPs is considered equal to 0,
10, 15, 20, 25 and 30%. Figure 15 emphasizes that with increas-
ing the value of DRPs’ participation rate, the cost of electricity
purchased from the upstream network will be decreased. The
percentage of cost reduction for different levels of flexible load
participation in DRPs is equal to 2.09%, 3.48%, 4.49%, 5.34%, and
5.84%, respectively.

In 10% penetration of the flexible load, the LFI index value
obtained using the proposed hBES-MGWO algorithm is 0.387
p.u. While, the LFI index value for PSO, BES, GWO, and MILP
algorithms are 0.378 p.u, 0.374 p.u, 0.36 p.u and 0.394 p.u respec-
tively. As the penetration coefficient of flexible loads increases,
the LFI also increases. For instance, with a penetration coeffi-
cient of 30%, the LFI index value for the hBES-MGWO reaches
0.578 p.u. and for PSO is 0.575 p.u, for BES is 0.579 p.u, for
GWO is 0.576 p.u, and also for MILP algorithms is 0.583 p.u. It
is worth noting that there is not a significant difference in the
LFI coefficient between the permeability coefficient of 25% and
30%.

Fig. 15. EH costs for different participation rate of consumers
in DRPs

Fig. 16. The load flexible index
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Fig. 17. The convergence curves of optimization algorithms in
case study 3

Table 4. Optimization results in the third part of the simula-
tion

Total cost

(cent)

Power cost

(cent)

Gas cost

(cent)

Optimization

Algorithm

42061.36 15135.34 25185.21 PSO

42127.11 14851.94 25089.38 BES

42184.9 15038.53 25219.08 GWO

42126.95 14939.42 25187.67 MILP

42006.36 14772.27 25183.27
Proposed hBES

-MGWO

C. Case Study 3
In case study 3, the emission penalty is also considered in op-
eration of an energy hub. In this case, the penetration rate of
renewable resources is increased to reduce the pollution penalty.
Fig. 17 illustrates the convergence process of proposed hBES-
MGWO algorithm in comparison with BES, GWO and PSO,
while the results are presented in Table 4. The results of Table
4 indicates an increasement in operating costs due to consider-
ation of pollution fines. Although the emission cost in case 3
with the proposed hBES-MGWO algorithm is higher than other
algorithms, but its final cost is lower than other ones, which
demonstrates higher accuracy of proposed hBES-MGWO. Fig.
18 also displays the impact of the flexible loads on the electric
load profile in case study 3. DRPs shift the consumption to the
hours when wind power is at its maximum level due to its zero-
emission penalty in addition to low electricity price hours. This
load shifting strategy helps the system operator to reduce the
total operation cost and mitigating environmental pollution.

5. CONCLUSION

This paper investigates the impact of DRPs and environmental
emission penalty on operation of energy hub with uncertainties.
Here, the uncertainties of load, market price and wind units
are evaluated. An innovative objective function based on both
operation cost and emission is proposed for EH energy manage-
ment. Moreover, a self-tuning hybrid hBES-MGWO algorithm is
developed to solve such optimization problem. The proposed
algorithm’ features include its ability to search the wide and

Fig. 18. The impact of flexible loads on the electric load profile
in case study 3

precise search space and avoid getting trapped in local optima.
Simulations are performed in MATLAB software in to demon-
strate the proposed framework and algorithm. The simulation
results emphasize that implementing DRPs cause to decrease
the operation cost. However, the sensitivity analysis on the par-
ticipation rate of DRPs demonstrates that an increasement in the
permeability coefficient of flexible loads reduces the slope of cost
reduction. Moreover, considering the pollution fine increased
the operating costs. Future research work is needed to consider
an EH energy management in the presence of electric vehicles
as well as flexible heat loads.
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