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Abstract— One of the most important challenges of smart grids is the congestion of transmission lines. A flexible smart grid with
demand-side resources can be a suitable solution to manage transmission lines congestion. This paper proposes a multi-objective model
with the aim of congestion management through generation rescheduling considering cost and emission purposes in a flexible smart grid.
An inconvenience cost for consumers is defined to model the consumers’ unsatisfactory as a consequence of participating in demand
response programs (DRPs). Furthermore, a smart grid flexibility index (SGFI) has been presented to show the available flexibility of smart
grid as a result of DRPs and gas turbine generators as fast response resources. The DRPs could increase the flexibility of the smart grids
due to their impact on flattening the load curve, but this may cause some inconveniences for consumers. On the other hand, participation
of consumers in DRPs and the power output gas turbine are associated with uncertainty. In this paper, the uncertainty of consumer’s
participation in the DRPs has been modeled by Fuzzy-Markov. The proposed multi-objective particle swarm optimization (MOPSO) has
been implemented on the IEEE 30-bus system. The results show that the total operation cost including the generation cost, DRP cost,
inconvenience cost of consumers, and pollution is reduced. In fact, the share of generation of expensive generators is reduced.

Keywords—Congestion management, Consumer’s unsatisfactory, Demand response programs (DRP), Generation rescheduling, Smart
grid flexibility index (SGFI).

NOMENCLATURE

Abbreviations
DR Demand response
DSM Demand-side management
EE Energy efficiency
ISO Independent system operator
MOPSO Multi-objective particle swarm optimization

Parameters

(αp, βp, γp) Coefficients of mth generators pollution
(ap, bp, cp) Generator cost coefficients
µfα(parβ) Membership function for -th objective function
ρ, ρ0 Electricity prices before and after the

implementation of the DRP
Nb Number of buses
Ng Number of generators
NL Number of load buses
Nbr Number of transmission lines
Ndr Number of responsive loads
Ng,s Generation of gas turbine g in scenario s
Ngas Number of gas turbines
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Nobj Number of objective functions
Npar Number of optimization parameters
PDq Active power demand of the bus q
Pmaxg,s , Pming,s Lower and upper bounds of active power of gas

turbine g
PGp The total penalty for d-th responsive demand
PmaxGp High limit of transmission power of generators of

unit p
PminGp Low limit of transmission power of unit generators

p
pen The penalty factor
pend The total penalty for d-th responsive demand
QmaxGp , QminGp High and low limit of reactive power of unit

generators p
V maxGp Upper limits of voltage magnitude of the PV bus

p
V minGp Lower limits of voltage magnitude of the PV bus

p
VLN Voltage magnitude at the load bus N
Wα Weighting coefficient of the α-th objective

function
Sets
h Index for hours
s Index for scenarios
SGFI Smart grid flexibility index

Variables
∆Td Reduction in the responsive bus d
B Profit in scenario s
BT The vector of control variables
bparβ The best solution for the β-th particle
cpβ cumulative probability
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dm, d0m The amount of load before and after the
implementation of the DRP

E Load sensitivity
Encd Total incentives paid to the bus participating in

the demand response
gpar The best position for all particles
INCd Inconvenience of bus b to participate in the DRP
LRd The amount of load reduction requested by ISO
Nrep The number of solutions available in the repository
parβ(t) The location of particle β in time t
SLN apparent power flow of the transmission line n
velβ(t) Particle velocity β in time t

1. INTRODUCTION

Congestion management is one of the most important parts
of electrical system performance in today’s electricity markets.
In this way, the congestion of transmission lines is reduced,
leading to an increase in the security margin of the system and a
reduction in power outages and equipment outages .The electricity
industry in many countries is changing from a Vertically Integrated
Power Systems to a competitive market [1]. This is in order to
increase the demand for electricity at a reasonable price and cause
possible problems such as congestion in the transmission lines of
deregulated power plants [2]. Congestion refers to the overloading
of transmission lines when the thermal bounds and line capacities
are violated [3]. Congestion also occurs when power flow in the
transmission lines is higher than the flow allowed by operational
reliability limits [4]. The physical and systemic constraints of
transmission networks are mentioned as one of the essential factors
causing congestion in the transmission lines [5]. The physical
constraints such as thermal restrictions of transmission lines or
transformers can be effective in creating congestion. Node voltage
limitations, transient stability, dynamic stability, and reliability
constraints are some examples of transmission network limitations
that have contributed to network congestion [6]. Congestion in
power systems must be corrected immediately to ensure system
security and prevent further failures. In the event of repeated
system failures, congestion also occurs due to serious damage
to power system components. It is not only the equipment that
suffers from congestion, but also the quality of power supply
[7]. The traditional solution is to construct new transmission lines
that is not logical due to economic reasons. One of the methods
for congestion management is to take advantage of nodal pricing
basically, nodal pricing is a method of determining prices in which
market clearing prices are calculated for a number of locations in
the transmission network. Nodes Each node represents a physical
location in the transmission system including generators and loads.
[8]. In this type of pricing, the independent system operator (ISO)
is able to inject electricity at one point and receives electricity from
another point to eliminate congestion [9]. The pricing mechanism
is one of the most important concepts of the electricity market.
There are three categories of pricing mechanism: uniform marginal
pricing, regional marginal pricing, and nodal marginal pricing [10].
In the regional marginal pricing method, if there is a network
partitioning congestion, the network is divided into several regions.
By implementing regional marginal pricing, effective price signals
are provided under the assumption of accurate segmentation [11].
Areas are formed so that the possibility of congestion inside the
area be low or and the probability of congestion between the areas
be high [12]. A two-level optimization problem with the bidding
strategy betterment approach is used in the problem of congestion
management [13]. The problem of congestion management today
is considered as a nonlinear problem with several constraints. To
solve such problems, today use optimization algorithms such as
genetics, particle swarm optimization (PSO), etc. [14–16]. In [15]
This paper proposes a new structure for peak load in summer
days. Two sub-services including solar Stirling engine and diesel
power plant are considered to reduce consecutive network outages.

this paper designs a new cooling, power and pure water production
system for application in this region to alleviate the energy and
water crisis [16]. In [17], the firefly algorithm is used to optimize
the congestion problem. The proposed algorithm uses the pool-
based electricity market based on rescheduling of active generators
to reduce congestion. In [18], Congestion of transmission lines
creates an obstacle that limits the most economical supply to meet
the demand. In this work, the optimal capacities of distributed
generation units (DG) are considered to relieve congestion in the
transmission lines of the power system [19, 20]. The utilization
of FACTS devices facilitates control of line flows with generation
scheduling which could lead to system loss and cost reduction.
Another method used in congestion management is generation
rescheduling [21, 22]. In [23], a method for generation rescheduling
and load reduction with voltage-dependent modeling is proposed.
This paper takes into account the objectives such as reducing
generation costs, reducing load and maximizing social welfare. In
[24], in order to eliminate transmission congestion, an effective
technique such as generation rescheduling is used so that a
hydropower plant has been allocated within the network. It is
noteworthy that, bus sensitivity and number of generators involved
in congestion management determine the optimal location of the
hydropower plant unit. In [25], a load management algorithm
based on the load shifting capability of smart home appliances
has been proposed. The obtained results reveal that a negligible
amount of load shifting could greatly reduce the customer’s
convenience. A number of papers have discussed on customer
unsatisfactory concept. Defining an appropriate model that could
relate this unsatisfactory to the inconvenience cost of customers
can be a good idea to investigate the behavior of customers [26].
The uncertainty of customer behavior in the demand response
program (DRP) and renewable energy is investigated in [27]. In
previous works, the uncertainty of customer’s participation in DRPs
has been investigated through quantitative models and stochastic
methods such as Monte Carlo. In power systems, sudden events
such as unexpected demand on hot summer days may lead to
voltage drop and blackouts in large areas, which is why the use of
load response programs is effective. Load response programs are
implemented for the economic optimization of energy systems [28].
DRP can be used to manage the transmission lines congestion by
reducing or shifting load according to the price of electricity [29].
DRP is recommended due to benefits such as improved reliability
and cost reduction in the power system. DRPs are divided into
two general categories, incentive-based programs and tariff-based
methods [30]. In [31], a new method has been proposed in which
the optimal locations and times for the implementation of the
DRP are determined. Different electricity prices at different times
cause consumers to change their consumption patterns. In [32],
a new approach has been introduced to manage the congestion
through smart grid platform. In this two-level structure, operator
manages the electricity market irregardless of the limitations of the
transmission network. According to the congestion of transmission
lines, an exchange takes place between DRP and load shedding. In
[33], The effect of quantifying the capacity of the energy storage
system on the reliability of the power network and decongestion
is analyzed. Reliability is also considered in the given problem.
Flexible resources in power systems can play a fundamental role
in improving congestion in these networks, while their ability to
participate in energy markets can also be commercially important
[34]. This article describes the flexibility of smart devices available
in residential homes, whose flexibility varies throughout the day
[35].

Some other papers have discussed on the flexibility of smart
grids, but most of them have expressed its concept and few of
them have provided an appropriate index for flexibility of smart
grids. Different viewpoints on flexibility have been investigated in
different references. As a primary idea for flexibility concept, a
flexible scheduling that can enable the utilities to change the grid’s
schedule and structure based on fast response resources based
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on regulatory conditions has been introduced in [36]. In [37],
an overview of flexibility options for renewable energy resources
integration in power system has been carried out. The authors have
reviewed the techno-economic-environmental-socio impacts of the
penetration of renewable energy resources on power systems. A
flexibility plan for a smart microgrid with the aim of improving
the voltage profile and congestion has been presented in [38]. This
article has used the OpenDSS software for increasing the accuracy
of the flexible scheduling model.

According to the literature, the impact of customer’s
inconvenience cost as a result of customer’s participation in
DRPs has been not addressed in congestion management problem
with DR so far. Also, the influence of flexibility index for the quick
response resources has been not considered. This paper addresses
the problem of congestion management with respect to generation
rescheduling, flexibility of generation dispatch, the uncertainty of
customer’s participation in the DRPs, and the inconvenience cost
of customers who have participated in the DRPs. The goal of this
paper is to maximize transmission line loading capability while
minimize operation costs as well as emission. To this end, a
multi-objective particle swarm optimization (MOPSO) model has
been used to solve the generation rescheduling problem. Therefore,
the main contributions of this paper are as follows:
• Defining a new index for flexibility of the smart grid named

smart grid flexibility index (SGFI).
• Modelling the uncertainty of customer’s participation in the

DRPs by Fuzzy-Markov and considering the unsatisfactory
of customers by inconvenience cost.

The rest of the paper is as follows. The proposed framework is
presented in section 2. Section 3 assigns to problem formulation.
The implementation procedure of the optimization method is
discussed in section 4. The simulation and numerical results are
expressed in section 5. Finally, the conclusion is expressed in
section 6.

2. CONGESTION MANAGEMENT BASED ON
FLEXIBILITY ENERGY RESCHEDULING (CMBFER)
The proposed framework for solving the CMBFER problem

has been shown in Fig. 1. The proposed CMBFER framework is
based on rescheduling and performing demand-side management
programs such as DRPs and using high-ramp units such as gas
turbines to provide the flexibility for the smart grid and reduce
the congestion of transmission lines. Moreover, the uncertainty
of customer’s participation in the DRP has been modeled by
Fuzzy-Markov. On the other hand, the unsatisfactory of customers
due to participating in the DRP as inconvenience cost has been
considered. A new index for the flexibility of the smart grid named
smart grid flexibility index (SGFI) has been developed. Finally, the
congestion management based on rescheduling has been solved by
MOPSO method in different scenarios.

3. MODEL FORMULATION

3.1. The objective functions of the CMBFER problem
The objective functions of the CMBFER problem are as follows:
A) Minimizing loadability of congestion transmission

line
In order to increase the loadability of the most congested

transmission line, it is expressed as follows [39]:

min
max
n
{sln} ; n = 1, . . . , Nbr (1)

B) Minimizing generation cost
The reduction in the total cost, which is mainly related to the

cost of thermal units’ generation, the cost of gas turbine generation,
the cost of DRP, the cost of inconvenience of customers due to

participating in DRP and the cost of flexibility, is expressed as
follows [39]:

min



NG∑
P=1

ap + bpPGp + cpP
2
Gp

+
Ngas∑
g=1

CgPg,s +
NDR∑
m=1

Encd

+α
B∑
n=1

(Xd − TPd)2 + CFSGFI


(2)

The cost coefficients of the generators are also indicated
by ap, bp and cp. Cf is the coefficient cost of flexibility. Cg is
the generation cost of gas turbine g and Pg,s is the power output of
gas turbine g in scenario s, which is selected by the combination
of Monte Carlo with K-Means method.

To create a scenario, the average of all clusters must be
calculated. In the K-Means method, the number of clusters and
the position of the center of each cluster must first be determined.
Each scenario is assigned to the nearest center using Euclidean
distance (deuij ) as Eq. (3).

deuij =

√√√√ V∑
v=1

(xiv − cjv)2 (3)

where xiv is the value of attribute v of the observation i, cjv is
the value of the attribute v of the center of the cluster j, and V is
the number of total attributes involved in each observation.

Then the center of each cluster is updated and these steps have
been repeated until all the centroids stop moving. The cluster
quality can be calculated in order to determine the optimal number
of clusters (k) by Eq. (4).

qi =
bi − ai

max(ai, bi)
(4)

where ai is the mean incompatibility of observing i with all other
observations in the same cluster, bi is the least incompatibility of
observing i with all observations in other clusters.

The higher the value of qi, the better the matching between the
observation i and its cluster.

i. Minimizing pollution
The most important source of pollution in power plants is fuel
combustion. Pollution reduction is expressed as follows:

min

NG∑
P=1

∝P +βPPGP + γPP
2
GP (5)

The pollution coefficients of the generators are indicated by ∝p,
βp and γp.

C) Minimizing the cost of DR
The participation of subscribers in the DRP is not an easy task,

because electricity has been provided to consumers easily and
cheaply, and also the sale of electricity at a fixed rate has caused
them to be separated from the restructured and localized market.
As a result, they have no incentive to participate in consumption
management programs. Two factors can cause Customers to
participate in the DRP: first, change the price of electricity and
second, implement incentive programs.

DRPs are divided into two general categories, incentive programs
and time tariff methods. This paper also focuses on direct load
control and emergency load response programs. To implement
the demand response program, a set of buses are selected whose
participation rate is modeled with Fuzzy uncertainty [40].

The uncertainty of the participation of customers in DRPs can
be modeled based on historical data. First, the fuzzy-Markov
model is explained and then its application in the participation of
customers in DRPs modeling is discussed.
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Table 1. Comparison of proposed method with other methods

Objective function (s) Single/multi objective Solution method FACTS device Flexibility resources uncertainty

[14] Congestion cost single AANN and the modified PSO Phase shifter transformers DRP –

[17] Congestion cost single RTCM – DRP –

[18] Congestion cost single PSO – – –

[18] Fuel and emission cost Single Bacterial foraging and Nelder Mead TCSC – –

[22] Congestion cost Single Ant lion optimizer - – –

[23] Cost and load shedding Multi objective MOPSO – DRP –

Current paper Cost and pollution Multi objective MOPSO – DRP/Gas turbine DRP/Gas turbine

Congestion management problem

Start

Defining the concepts of Congestion Management based 
on Flexible Energy Rescheduling (CMBFER)

 Defining a new index for 
flexibility of the smart grid 
named smart grid flexibility 

index (SGFI)(Eq 18)

Specifying the flexible 
energy resources

Solving the scheduling problem

Modelling the unsatisfactory 
of customers due to 

participating in the DRP as 
inconvenience cost(Eq 16)

DRPGas turbine generation

 Modelling the uncertainty of 
customers’ participation in the 
DRP by Fuzzy-Markov(Eq 9)

Modelling the uncertainty of 
gas turbine generation by the 
combination of Monte Carlo 
with K-Means method (Eq 4)

Determining the 
parameters of system

Determining the MOPSO 
parameters

Defining the studied system

Solving the rescheduling problem

DRP cost Inconvenience 
cost

 Results of rescheduling of 
generators

 Investigating the impacts of 
customers’ participation in the 

DRP on the congestion of 
lines.

Solving the rescheduling problem with the aim of 
minimizing the cost and pollution by MOPSO

 Investigating the flexibility of 
system in different scenarios

Report the problem 
outputs

End

Result of the amounts of 
reducing load by DRP

Bus data Line data

Generators’ data  Cost and pollution 
coefficients

Solving the scheduling problem 
with the aim of minimizing the 
cost(Eq 2), transmission line 

loading(Eq 1) and pollution(Eq 5) 
by MOPSO

Flexibility cost

Total cost of system

Has the congestion of 
transmission lines reached the 

desired level?

No

Yes

Input data

 

Fig. 1. The conceptual schematic of the proposed method

Suppose (P,Λ,Ω) is the standard probability space where Ω
is a sample space, Λ is an algebra sum on Ω space and P is
a probability value. Fuzzy set Ã on Ω is called a fuzzy event.
Assumption µÃ(ω): ω∈Ω is a function of event membership A.
In this case, the probability of fuzzy events Ã and the conditional
probability of fuzzy events Ã and B are as follows [40].

P (Ã) =
∑
Ω

µÃ(ω)Pω µÃ(ω) : Ω→ [0, 1]

P (Ã|B̃) =
P (Ã · B̃)

P (B̃)
(6)

The coefficient of two fuzzy events Ã and B̃ is equal to the
following expression.

Ã · B̃ ↔ µÃ·B̃ = µÃ · µB̃ (7)

Suppose Xt is the state of the system at time t. Consider a Markov
chain with finite position whose probability transfer matrix is as

follows.

P [pij ] ∀i, j ∈ {0, 1, . . . , N} (8)

Where it represents the probability of transition from state i to
state j in one step and is defined as follows.

pij = P {Xt+1 = j|Xt = i} = P {X1 = j|X0 = i} (9)

Where,
∑N
j=0 pij = 1. Also, the probability matrix of its transfer

in r step is equal to the following equation.

P r = [P rij ] P
r
ij ≥ 0, ∀i, j ∈ {0, 1, . . . , N}

P rij = P {Xt+r = j|Xt = i} = P {Xr = j|X0 = i} (10)

Also, pi = P {X0 = i} , ∀i ∈ {0, 1, . . . , N}, i.e., pi are the
probabilities of the initial state of the Markov chain are and∑N
i=0 pi = 1.
The fuzzy membership function for the participation coefficient

in the load response program is shown in equation (11). The fuzzy
membership function for the participation rate of consumers in
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Fig. 2. Membership function for consumer participation rate in load
response program

load response programs is shown in Fig. 2. According to Figure
2-3, if the participation coefficient of the load response program
is less than 0.15, then it is placed in the fuzzy category. If the
participation coefficient of the load response program is between
0.15 and 0.25, then it may be placed in each of the fuzzy
categories. If the participation coefficient of the load response
program is between 0.25 and 0.35, then it can be placed in very
low, low and medium fuzzy categories, but it is more possible
to be placed in the medium fuzzy category. If the participation
coefficient of the load response program is between 0.35 and 0.4,
then it can be placed in the low and medium fuzzy categories, and
the possibility of being placed in both categories is equal. If the
participation coefficient of the load response program is between
0.4 and 0.45, then it can be placed in the low, medium and high
fuzzy categories, but the possibility of being placed in the medium
category will be more. If the participation coefficient of the load
response program is between 0.45 and 0.5, then it can be placed
in medium and high fuzzy categories, and the possibility of being
placed in both categories is equal. If the participation coefficient
of the load response program is between 0.5 and 0.55, then it can
be placed in the medium, high and very high fuzzy categories,
but the possibility of being in the high fuzzy category is more.
If the participation coefficient of the load response program is
between 0.55 and 0.65, then it can be placed in the high and very
high fuzzy categories. If the participation coefficient of the load
response program is more than 0.65, then it is placed in the fuzzy
category.

µ(λ) =



Very Low: λ ≤ 0.35

Low: 0.15 ≤ λ ≤ 0.45

Middle: 0.25 ≤ λ ≤ 0.55

High: 0.4 ≤ λ ≤ 0.65

Very High: λ ≥ 0.5

(11)

In which, λ the coefficient of participation of consumers in the
response program is the burden.

The diphase participation coefficient for the load response
program is shown as equation (12).

λ =
µ

e+ µ
(12)

In which, λ the coefficient of participation of consumers in the
response program is the load and the value of the membership
function. For the very low category, the membership function is

equal to 1, the low category is equal to 2, the average category
is equal to 3, the high category is equal to 4 and the very high
category is considered to be 5.

The proposed model for DR is based on incentives and penalties
along with customer benefits as follows [39]:

∆Td = Ld0 − Ld (13)

Ld and Ld0 are the amount of bus load before and after the
implementation of DR, respectively.

The total incentive paid to the bus participating in the DRP is
calculated as follows [39]:

INCd = Enc× [Ld0 − Ld] (14)

Customers who participate in the DRP is penalized if they do not
reduce their consumption according to the specified amount in the
contract. The penalty for participating in the DRP is calculated as
follows [39]:

Pend = Pen× [LRd −∆Td] (15)

The pen factor is considered zero and the Enc factor is considered
to be 1 to 10 times the power price before the implementation of
DR by ISO.

The following equation is used to obtain the power consumption
of the customer participating in the DRP [39]:

dd = d0d ×
[
1 + E

ρ− ρ0 + Enc− pen
ρ0

]
× (1− λ) (16)

In equation (8), E the elasticity of the load, ρ represents the
price before and ρ0 represents the price after the execution of the
DR program. The cost of the incentive paid to consumers who
are participated in DRPs is expressed according to the following
equation [39]:

min

NDR∑
m=1

Encd (17)

D) The inconvenience cost of customers
Consumers’ willingness to participate in a demand response

program is considered an important factor in energy management.
Prices change their load profile, causing their unsatisfactory, which
is obtained according to the following equation [41]:

incd = α

B∑
n=1

(Xd − TPd)2 (18)

incd is inconvenience of bus d to participate in the DRP and
α is bus sensitivity coefficient used to determine the customer’s
willingness to reduce or shift the load.

3.2. Control variables
Congestion in the power system is detected by measuring the

following variables. The variables are shown in a set called BT

[41]:

B
T

=

[
PG1, . . . , PGNG

, VL1, . . . , VLNL
, QG1

, . . . , QGNG
, SL1

, . . . SLNbr

]
(19)

A) The effect of flexibility on generation rescheduling
This paper presents a new flexibility index to demonstrate smart

grid flexibility that improves transmission line congestion using
fast response sources. The flexible resource used in this paper
are the DRP and gas turbine. Implementing the DRP makes the
load profile flatter and thus reduces the difference between the
peak and the valley. On the other hand, using the generation of
gas turbine as a fast response resource makes the system more
flexible. However, the generation of gas turbine is associated with
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uncertainty. The SGFI has been used to express the effect of smart
grid flexibility on generation rescheduling as Eq. (18).

SGFI =

(∑Ngas
g=1

Ppeakg,s

Capg

)
(

(Ldpeak−
∑b
n=1(pbus×drred))
Ldpeak

) (20)

Ldpeak, and drred show the peak load and the amount of DRP
contract, respectively, and pbus shows the percentage of buses
participating in the DRP. P peakg,s and Capg are the total generation
of gas turbine g at peak load considering the uncertainty and the
capacity of gas turbine g, respectively.

B) The constraints of balancing the load and generation
The following constraint is stated to establish the equality of

active and reactive power flow equations [39]:

PGq − (PDq − dq) =

Vq

Ng∑
a=1

V a(Gqa cos θqa +Bqa sin θqa) q = 1, . . . , Ng (21)

QGq −QDq =

Vq

Ng∑
a=1

Va (Gqa sin θqa −Bqa cos θqa) q = 1, . . . , Ng (22)

C) Inequality constraints
Controllable constraints and state variables are described with

inequality constraints. The following constraints provide unequal
constraints on different parts of the power system

D) Generator constraints
Each generator has a high and low limit for active, reactive and

voltage power [39].

V minGp ≤ VGp ≤ V maxGp (23)

PminGp ≤ PGp ≤ PmaxGp (24)

QminGp ≤ QGp ≤ QmaxGp (25)

Pming,s ≤ Pg,s ≤ Pmaxg,s (26)

E) Constraint on incentives paid to loads participating
in the DRP

Paid incentives have a high and a low limit [39]:

inminm ≤ in ≤ inmaxm (27)

F) Security constraint
The voltage and thermal limits of transmission lines are as

follows [39]:

V minlr ≤ VL ≤ V maxlr r = 1, . . . , NL (28)

− Smaxln ≤ Sln ≤ S
max
ln (29)

4. SOLVING CONGESTION MANAGEMENT BASED ON
FLEXIBILITY ENERGY RESCHEDULING (CMBFER)

USING 3 MOPSO
The multi-objective format of particle swarm optimization is

called MOPSO. In solving problems by MOPSO, sorting out the
answers is difficult. The methods used so far have turned multi-
objective problems into single-objective ones. In multi-objective
problems, there is a set of solutions called the Pareto optimal set.
In this paper, a MOPSO algorithm is used to solve the CMBFER
problem [42].

A) Implementation of MOPSO algorithm
Step 1. Calling information
In the first stage, the resistance and reactance of the lines, the
thermal limit of the lines, the limitations of the generators,
the cost coefficients and the pollution of the generators are
called.
Step 2. Create an initial population
Like other algorithms, an initial population is created
randomly to begin with random generation of particles
location [38];

POP = [uT1 , . . . , u
T
Ns]

2 (30)

parTh = uTh =
[
PG2h

, . . . , PGNGh , . . . ,∆d1h , . . . ,∆dNDRh

]
=
[
par1h , . . . , parNparh

]
h = 1, . . . , Ns (31)

parηh = par
min
ηh + rand ×

(
par

max
ηh − par

min
ηh

)
n = 1, . . . , Npar

(32)

Random generation of particles velocity can be obtained as
follows [38]:

V EL = [velT1 , . . . , vel
T
Ns ]

T (33)

velTh = [velT1 , . . . , vel
T
Ns ]

T h = 1, . . . , Ns (34)

velηh = 0.1×
[
parminηh + rand×

(
parmaxηh − parminηh

)]
η = 1, . . . , Npar (35)

Step 3. Control constraints
Due to the random generation of particles, the constraints on
equality and inequality must be controlled.
Step 4. Run load flow and calculate objective function
For the objective functions (3), (5) and (6) the initial
population is generated.
The value of the solution par1 is less than or equal to par2

in the objective functions. It is expressed mathematically as
follows [38]:

∀z ∈ [1, . . . , Nobj ] fz (par1) ≤ fz (par2) (36)

For at least one objective function, the value of solution par1

is less than the value of solution par2 as follows [38]:

∀v ∈ [1, . . . , Nobj ] fv (par1) < fv (par2) (37)

If solution par1 over par2 prevails, par1 is stored in the
repository. The following conditions must be met to be in the
repository:
– The repository is not full
– The selected solution does not fail with any of the

solutions stored in the repository
Here, the Fuzzy clustering method is used to better select
non-template solutions that are well compatible with the
objective function.
Step 5. Determine Fuzzy member functions
Membership functions are obtained by the maximum and
minimum values set. These values are obtained by the
single-objective optimization method. The value obtained
for the membership function indicates the satisfaction of
the operator, so that if Mfα(parβ) = 1 it has the highest
satisfaction and if it is equal to zero it has the lowest
satisfaction. The calculation of Mf∝(parβ) for ∝ th objective
functions is expressed as the following equation [38]:

M∝(parβ) = 0 if, fα(parβ) > fmaxα (38)
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M∝(parβ) =
fmax∝ − f∝(parβ)

fmaxα − fminα

if, fminα ≤ fα(parβ)≤fmax∝

(39)

M∝(parβ) = 1 if, f∝(parβ)<fmin∝
(40)

After finding the membership functions for each objective
function, it is normalized as follows [33]:

nµ (β) =

∑Nobj
α=1 wα × µfα(parβ)∑Nrep

β=1

∑Nobj
α=1 wα × µfα(parβ)

β = 1, . . . , Nrep

(41)

Nrep and w∝ show the number of solutions in the repository
and the weight coefficient of the objective functions,
respectively, and after normalization, the obtained answers
are categorized in ascending order and are removed from the
lowest based on the size of the repository.
Step 6. Update particle velocity and location
The velocity and location of the update is obtained by the
following formula [38]:

velβ (t+ 1) = w × velβ (t) + c1 × rand× (bparβ − parβ (t))

+ c2 × rand× (gpar − parβ (t)) (42)

parβ (t+ 1) = velβ (t+ 1) + parβ (t) β = 1, . . . , NS
(43)

Step 7. Investigate the constraints
In order to generate a new population, the constraints of
equality and inequality must be examined at each stage.
Step 8. Update bparβ and gpar
For the populations obtained from the last step, the objective
functions are calculated.
bparβ is updated as follows [33]:
– If solution parβ(t+ 1) is defeated by solution bparβ , then

par is substituted
– If solution bparβ is defeated by solution parβ(t+ 1), then
bparβ is substituted

– If the two solutions bparβ and parβ(t+ 1) cannot defeat
each other, one of them is chosen randomly.

The gpar is selected from the solutions in the repository and
then the following steps are performed
The Fuzzy normalized vector is formed as follows [38]:

nTµ = [nµ (1) , . . . , nµ (Nrep)] (44)

For the vectors obtained from the previous step, we obtain
the cumulative probabilities [33]:

cp1 = nµ (1) (45.a)
cp2 = cp1 + nµ (2) (45.b)
...
cpn = cpn−1 + nµ (n) (45.c)

In the third stage, gpar is selected using a roulette wheel. The
roulette wheel consists of several parts, each part of which is
related to the whole set and its environment is proportional
to the probability of an event. As the wheel moves, the
probability of placing the mark on each of the sections
will be equal to the size of the sections. According to the
mentioned relations, the cumulative probability for the first
solution is equal to its normalized value and the last solution
is equal to one. A number of random numbers between zero
and one are generated and compared with the cumulative
probability obtained, and the cumulative probability solution
is considered as gpar.
Step 9. Stop condition
The maximum number of MOPSO iterations is considered as
a stop condition.

Table 2. Coefficients of cost and pollution function

Case number Case 1 Case 2 Case 3 Case 4 Case 5

Pollution function coefficient 1 0.75 0.5 0.25 0

Cost function coefficient 0 0.25 0.5 0.75 1

Table 3. Cost coefficients of generators

Gen. a[$/h] b[$/MWh] c[$/MWh2] α[ton/h] β[ton/MWh] γ[ton/MWh2]

G1 0 2 0.02 0.040901 -0.05554 0.0649

G2 0 1.75 0.0175 0.02543 -0.06047 0.05638

G3 0 1 0.0625 0.04258 -0.05094 0.04586

G4 0 3.25 0.00834 0.05326 -0.0355 0.0338

G5 0 3 0.025 0.04258 -0.050904 0.04586

G6 0 3 0.025 0.06131 -0.05555 0.05151

5. NUMERICAL RESULTS

The problem of CMBFER has been implemented on the IEEE
30-bus system.

5.1. The system under study
The system has 20 loads, 5 thermal generators, 1 gas turbine

and 41 transmission lines. The generators are located on buses
1, 2, 13, 22, 23, and the gas turbine is located on bus 27.
The data of cost and pollution coefficients of generators is given
in Table 2. The information of buses, maximum and minimum
active and reactive power generated by generators and transmission
line information are taken from [18]. In the proposed congestion
management problem, loads of buses 7, 8, 12, 17, 19, 21 and 30
are considered to participate in the demand response program [20].
The uncertainty of the extent of their participation is modeled with
Fuzzy-Markov [40]. The price of electricity before and after the
implementation of the DRP is set at 50 $/MWh [43]. Elasticity
coefficient for the demand response is considered equal to −0.1
[20]. The weight coefficient of the cost function of generators has
been given in Table 3. The coefficient cost of flexibility has been
given from [44].

The data related to gas turbine with the capacity of 50MW are
taken from [40]. The uncertainty of the gas input of gas turbine
has been modeled by the combination of Monte Carlo simulation
with K-Means method. Therefore, scenarios have been reduced by
Monte Carlo simulation and one scenario has been selected among
them by K-Means method as shown in Fig. 3.

The probabilities of each state of Fuzzy-Markov model for the
participation of consumers in DRPs have been shown in Fig. 4.
The total number of 5 states has been considered for the qualitative
value of the participation of consumers in DRPs. Most of the data
is in the very high state and then in the low state.

In this paper, to manage the congestion of the power system,
the DRP and generation rescheduling in the form of 5 scenarios
have been used. The maximum thermal limit of transmission lines
for all scenarios is 32MVA.
The scenarios of the congestion management problem have been
considered as follows:
• Scenario 1: congestion management regardless of the DRP

and considering the uncertainty of gas turbine generation.
• Scenario 2: congestion management regardless of the DRP

and without the uncertainty of gas turbine generation.
• Scenario 3: congestion management considering DRP

associated with the uncertainty of the consumer’s participation
and with the uncertainty of gas turbine generation.

• Scenario 4: congestion management considering DRP
associated with the uncertainty of the consumer’s participation
and without the uncertainty of gas turbine generation.
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Fig. 3. Available and unavailable gas input of gas turbine in all scenarios and selected scenario by K-Means method.

  

Fig. 4. The probabilities of each state of Fuzzy-Markov model for the
participation of consumers in DRPs

• Scenario 5: congestion management considering DRP
regardless of the uncertainty, with the participation coefficient
of 10% and without the uncertainty of gas turbine generation.

The results of the transmission line flows without considering the
thermal limit transmission lines are shown in Table 4. As the table
shows, the power flow of transmission lines 10, 16 and 29 is equal
to: 32.197 MW, 37.909 MW and 31.875.

According to the maximum thermal limit considered for the
scenarios, at least one of these lines has a congestion.

Comparison of the results of scenarios 1 and 2 shows that the
amount of pollution and cost of scenario 2 is less than scenario
1 and the comparison of scenario 1 with 3, 4 and 5 gives the
same results. Comparison of the results shows that using a DRP
reduces pollution so they can better achieve the goal of reducing

Table 4. Transmission line flow results regardless of maximum thermal
limit

Line No. Power flow Line No. Power flow

MW MVAR MVA MW MVAR MVA

1 18.621 13.977 23.283 22 9.654 3.952 10.432

2 10.38 7.0869 12.569 23 6.341 2.853 6.954

3 7.108 3.673 8.001 24 3.191 0.584 3.244

4 7.888 5.9 9.851 25 5.419 1.338 5.582

5 9.254 4.58 10.325 26 3.701 6.813 7.753

6 10.179 5.827 11.729 27 7.299 8.613 11.29

7 15.1 11.565 19.02 28 6.777 6.67 9.509

8 9.194 5.709 10.823 29 26.868 21.94 34.687

9 9.194 5.709 10.823 30 14.709 23.665 27.864

10 22.149 23.368 32.197 31 7.793 2.39 8.151

11 0.597 3.144 3.201 32 7.374 15.287 16.973

12 0.342 1.802 1.835 33 9.625 5.66 11.166

13 0 0 0 34 3.546 2.349 4.253

14 0.604 3.154 3.211 35 13.325 2.985 13.655

15 7.717 3.786 8.596 36 19.79 11.301 22.789

16 37.862 1.8945 37.909 37 6.176 1.623 6.386

17 4.078 1.918 4.506 38 7.124 1.606 7.303

18 6.023 12.427 13.81 39 3.692 0.589 3.739

19 8.881 0.992 8.936 40 8.076 6.899 10.623

20 2.185 3.525 4.148 41 11.698 5.43 12.897

21 5.333 0.996 5.426 – – – –
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Fig. 5. Pareto curve for scenario 1

environmental pollution. The Pareto front for the optimal results
of the CMBFER problem has been shown in Fig. 4. According to
Fig. 5, the best solution has satisfied the reduction of the emission
and cost value.

The numerical results of generation rescheduling, the effect
of flexibility on generation rescheduling expressed with the
participation of buses, as well as the reduction of bus load and
the numerical value of pollution and cost objective functions in
different modes are given in Tables 5-7.

The rescheduling results for each generator has been presented
in Table 5. According to Table 5, the lowest amount of production
for generators is occurred in scenario 5 because of performing
DRP regardless of the uncertainty; also the greater amount of
production for generators is occurred in scenario 1 because the
DRP is not performed in this scenario and the generators should
cover the demand of system.

Table 6 shows the amounts of reducing load of the system due
to participating in DRPs for each bus. According to Table 6, the
amount of reduced load due to performing DRPs in the scenario 5
is higher than other scenarios.

According to Figs. 6-10, a comparison of the results of
Scenarios 1 and 2 shows that production costs are reduced when
using demand response programs, but there is a small cost due to
the use of flexible resources. On the other hand, a comparison of
the results of scenarios 1 and 2 shows that pollution is reduced
when using demand response programs due to less use of power
plants. In fact, the use of demand response programs reduces the
share of power plants in production and thus reduces pollution
production. According to Figs. 6-10 and comparison of scenarios,
it can be seen that transmission line congestion management
using demand response programs and gas-fired power plants will
have more flexibility. Also, according to Figs. 6-10, in scenarios
and situations where demand response programs and high-ramp
resources such as gas turbines have been used more, the network
flexibility has increased and consequently the cost of flexibility
has also increased.

According to Table 7, comparison of the results of scenarios
1 and 2 shows that the generation cost is reduced when using
the DRP, but there is a slight inconvenience cost due to the load
shift. On the other hand, comparison of the results of scenarios
1 and 2 shows that the cost of emission is reduced when using
the DRP due to less use of power plants. The SGFI values for
different scenarios are shown in Fig. 11. DRP and gas turbine are
considered as fast response resources.

According to Fig. 11, the highest value of the SGFI is occurred
in scenario 5 that is the congestion management by considering
generation rescheduling, DRP and inconvenience cost and the

Table 5. Numerical results of rescheduling of generators in term of MW

Scenario no. Case no. PG1 PG2 PG3 PG4 PG5 PG6

Scenario 1

Case 1 45.21 57.96 23.20 31.18 15.67 18.38
Case 2 36.03 55.18 24.005 36.10 18.49 21.59
Case 3 34.49 44.28 24.84 39.77 22.63 25.31
Case 4 29.12 33.57 27.74 42.09 29.7 29.09
Case 5 24.58 29.62 30.32 46.60 38.30 30.85

Scenario 2

Case 1 36.59 48.88 24.14 27.89 17.064 27.06
Case 2 38.919 51.5 27.19 28.97 16.31 22.43
Case 3 30.17 53.02 18.44 41.66 19.74 20.28
Case 4 36.58 35.7 22.11 34.51 24.94 27.79
Case 5 28.32 34.207 30.57 46.98 29.64 15.36

Scenario 3

Case 1 36.71 53.47 18.77 51.456 16.07 16.39
Case 2 40.58 46.63 27.23 41.81 17.15 18.31
Case 3 38.99 42.21 23.92 47.61 18.31 20.56
Case 4 27.22 33.71 28.93 43.66 27.94 30.09
Case5 24.47 34.99 30.09 47.13 25.63 27.07

Scenario 4

Case 1 40.41 52.93 25.51 41.98 18.74 24.86
Case 2 44.39 43.25 26.90 29.79 28.24 13.07
Case 3 27.39 50.06 29.93 38.11 21.73 15.61
Case 4 33.37 33.51 29.57 44.007 19.35 25.84
Case 5 33.84 23.65 32.48 42.80 25.17 29.81

Scenario 5

Case 1 43.20 39.48 12.35 52.36 23.14 12.86
Case 2 32.55 42.53 21.56 49.59 20.03 19.35
Case 3 38.74 49.95 23.27 36.74 21.48 17.67
Case 4 44.004 34.87 29.57 33.85 18.64 23.43
Case 5 37.69 19.94 25.33 48.92 29.53 21.17

Table 6. Numerical results of reducing the load of buses participated in
DRP in term of MW

Scenario no. Case no. Bus7 Bus8 Bus12 Bus17 Bus19 Bus21 Bus30

Scenario 2

Case 1 1.43 1.85 1.01 1.37 0.028 1.79 1.93

Case 2 0.021 0.031 0.899 0.643 0.645 1.79 1.82

Case 3 0.075 1.94 1.96 1.9 1.18 0.09 0.85

Case 4 1.31 1.9 0.693 1.7 1.82 0.139 1.79

Case 5 0.95 0.87 0.88 0.033 1.89 1.62 0.038

Scenario 4

Case 1 1.17 1.42 0.96 1.26 0.0004 0.79 1.18

Case 2 1.31 1.311 1.02 0.14 1.22 0.13 0.86

Case 3 1.11 1.91 0.66 0.66 1.47 1.59 0.87

Case 4 1.05 0.13 1.43 0.004 0.062 1.4 1.47

Case 5 1.13 0.061 0.708 0.091 0.105 0.83 0.702

Scenario 5

Case 1 1.38 1.72 0.13 1.56 0.12 1.97 1.79

Case 2 1.33 0.98 0.076 1.3 0.062 1.708 1.08

Case 3 1.66 0.030 0.074 0.048 0.137 1.62 0.72

Case 4 1.33 1.43 0.72 1.62 0.93 1.67 0.106

Case 5 1.45 1.48 1.64 1.22 0.061 1.42 1.92

maximum thermal limit of transmission lines is 35MVA as well
as the gas turbine works in the highest value in 24 hours.
The amount of SGFI changes in different scenarios of pollution
coefficient, DRP value and gas turbine generation. In order to
evaluate the proposed method, the obtained results have been
compared with the results of literature [19], which shows that the
cost of producing generators and the total cost have been greatly
reduced in the proposed method, literature [19] has used TCSC
for congestion management.
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6. CONCLUSION AND FUTURE WORK

This paper has introduced a flexible smart grid as well as
investigated the impacts of DRP on the generation scheduling
and transmission lines congestion. The objective functions of this
problem are to minimize the total cost of DRP and pollution and to
maximize the loadability of transmission lines. Comparison of the
results of scenarios 1 and 2 shows that the production costs and
pollution have decreased by 4.79 and 3.18 percent, respectively.
According to the scenarios, the more fast response sources are
used, the more flexibility index and consequently the congestion
of transmission lines decreases. As the results also show, it is
inevitable not to use load response resources in transmission
lines that have high congestion. Of course, participation in load
response programs also causes dissatisfaction for subscribers, but
subscribers who participate in load response programs receive
incentives, and the cost of subscriber dissatisfaction is very small
compared to the incentives paid. Therefore, a MOPSO is used for
congestion management. The uncertainty of consumer participation
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Table 7. Numerical results power flow of more congested transmission
lines in term of MVA

Scenario No. Congestion lines Case 1 Case 2 Case 3 Case 4 Case 5

Scenario 1
Line 10 34.01 33.84 33.41 33.05 32.82

Line 16 23.12 24.61 27.85 29.67 33.45

Line 29 27.41 28.94 30.52 32.97 34.78

Scenario 2
Line 10 34.12 33.45 33.12 32.45 31.84

Line 16 23.45 25.78 26.97 29.38 33.45

Line 29 27.65 28.78 29.61 32.53 33.41

Scenario 3
Line 10 31.95 31.94 31.93 31.93 31.92

Line 16 30.21 30.45 30.52 30.78 31.45

Line 29 29.25 29.68 30.14 31.12 31.68

Scenario 4
Line 10 31.91 31.88 31.57 31.25 30.96

Line 16 24.67 25.69 27.45 29.31 30.51

Line 29 30.31 30.68 31.11 31.27 31.47

Scenario 5
Line 10 29.98 29.98 29.96 29.96 29.95

Line 16 24.15 25.42 27.45 28.81 29.05

Line 29 29.14 29.25 29.78 29.81 21.89

Table 8. Comparison of the proposed method with the literature method
[19]

Solution Generation[MW] Costs[$/h]
Algorithm PG1 PG2 PG3 PG4 PG5 PG6 Fuel other total

GA [19] 44.33 53.27 37.43 19.21 16.64 22.82 1021.8 48.8 1070.6

DE [19] 59.55 54.04 34.37 14.39 12.84 17.66 1028.7 44.9 1073.6

PSO [19] 44.31 52.92 37.83 18.96 18.27 20.33 1017.9 47.8 1065.7

BFA [12] 45.55 64.46 29.45 10.83 14.32 27.66 1022 53.4 1075.4

BFA-NM [19] 45.99 59.93 23.79 32.38 14.66 18.43 972.49 78.9 1051.4

MOPSO(SC4) 40.41 52.93 25.51 16.42 18.74 18.74 600.73 1.3 601.76

MOPSO(SC5) 43.20 39.48 12.35 10.25 23.14 12.86 611.87 0 611.87

in the DRP and customer’ inconvenience to participate in the
DRP are investigated. The Fuzzy-Markov is used to model the
uncertainty of the participation of customers in DRP. The SGFI is
presented to analyze the flexibility of smart grid. The lower the
uncertainty of consumer participation in DRP and the output power
of the gas turbine, the higher the flexibility index. The method has
been tested on the standard system and the results show the fast
response sources could reduce the generation cost and Pollution
generation cost of power plants, but an inconvenience cost may
occur due to the load shift.

In the future, congestion management can be used in buses,
such as the use of electrical energy storage devices and the use of
more rapid response resources to make the system more flexible.

REFERENCES

[1] A. Pillay, S. P. Karthikeyan, and D. Kothari, “Congestion
management in power systems–a review,” Int. J. Electr. Power
Energy Syst., vol. 70, pp. 83–90, 2015.

[2] V.K. Tumuluru and D.H. Tsang, “A two-stage approach
for network constrained unit commitment problem with
demand response,” IEEE Trans. Smart Grid, vol. 9, no. 2,
pp. 1175–1183, 2016.

[3] H.-M. Chung, C.-L. Su, and C.-K. Wen, “Dispatch of
generation and demand side response in regional grids,” in
2015 IEEE 15th International Conference on Environment

and Electrical Engineering (EEEIC), pp. 482–486, IEEE,
2015.

[4] M.B. Nappu and A. Arief, “Network losses-based economic
redispatch for optimal energy pricing in a congested power
system,” Energy Procedia, vol. 100, pp. 311–314, 2016.

[5] S. Riyaz, R. Upputuri, and N. Kumar, “Congestion
management in power system—a review,” Recent Advances
in Power Systems: Select Proceedings of EPREC 2020,
pp. 425–433, 2021.

[6] S. Singh and A. Kumar, “Congestion management using
demand response program,” in 2017 International conference
on power and embedded drive control (ICPEDC), pp. 83–88,
IEEE, 2017.

[7] A. Narain, S. Srivastava, and S. Singh, “Congestion
management approaches in restructured power system: Key
issues and challenges,” Electr. J., vol. 33, no. 3, p. 106715,
2020.

[8] G.A. Antonopoulos, S. Vitiello, G. Fulli, and M. Masera,
Nodal pricing in the European internal electricity market,
vol. 30155. Publications Office of the European Union
Luxembourg, 2020.

[9] J. Han and A. Papavasiliou, “Congestion management
through topological corrections: A case study of central
western europe,” Energy Policy, vol. 86, pp. 470–482, 2015.

[10] K. Zheng, Y. Wang, K. Liu, and Q. Chen, “Locational
marginal price forecasting: A componential and ensemble
approach,” IEEE Trans. Smart Grid, vol. 11, no. 5, pp. 4555–
4564, 2020.

[11] S. Hanif, K. Zhang, C. M. Hackl, M. Barati, H.B.
Gooi, and T. Hamacher, “Decomposition and equilibrium
achieving distribution locational marginal prices using trust-
region method,” IEEE Trans. Smart Grid, vol. 10, no. 3,
pp. 3269–3281, 2018.

[12] A.K. Jain, S.C. Srivastava, S.N. Singh, and L. Srivastava,
“Bacteria foraging optimization based bidding strategy under
transmission congestion,” IEEE Syst. J., vol. 9, no. 1,
pp. 141–151, 2013.

[13] Y. Amanbek, “Decentralized transactive energy management
framework for distribution systems,” 2020.

[14] M.M. Esfahani, A. Sheikh, and O. Mohammed, “Adaptive
real-time congestion management in smart power systems
using a real-time hybrid optimization algorithm,” Electr.
Power Syst. Res., vol. 150, pp. 118–128, 2017.

[15] F. Jabari, M. Nazari-Heris, B. Mohammadi-Ivatloo, S. Asadi,
and M. Abapour, “Toward energy-efficient microgrids under
summer peak electrical demand integrating solar dish stirling
heat engine and diesel unit,” J. Eng. Technol. Manage., vol. 4,
no. 3, pp. 23–29, 2020.

[16] L. Khani, F. Jabari, M. Mohammadpourfard, and
B. Mohammadi-ivatloo, “Design, evaluation, and optimization
of an efficient solar-based multi-generation system with an
energy storage option for iran’s summer peak demand,”
Energy Convers. Manag., vol. 242, p. 114324, 2021.

[17] S. Verma and V. Mukherjee, “Firefly algorithm for congestion
management in deregulated environment,” Eng. Sci. Technol.
Int J., vol. 19, no. 3, pp. 1254–1265, 2016.

[18] S. Chellam and S. Kalyani, “Power flow tracing based
transmission congestion pricing in deregulated power
markets,” Int. J. Electr. Power Energy Syst., vol. 83,
pp. 570–584, 2016.

[19] R.-A. Hooshmand, M.J. Morshed, and M. Parastegari,
“Congestion management by determining optimal location
of series facts devices using hybrid bacterial foraging
and nelder–mead algorithm,” Appl. Soft Comput., vol. 28,
pp. 57–68, 2015.

[20] R. Peesapati, V.K. Yadav, and N. Kumar, “Flower pollination
algorithm based multi-objective congestion management
considering optimal capacities of distributed generations,”
Energy, vol. 147, pp. 980–994, 2018.



V. Rahi et al.: Flexibility-Based Congestion Management Considering Consumers’ Inconvenience Cost... 364

[21] R. Hemmati, H. Saboori, and M.A. Jirdehi, “Stochastic
planning and scheduling of energy storage systems for
congestion management in electric power systems including
renewable energy resources,” Energy, vol. 133, pp. 380–387,
2017.

[22] S. Verma and V. Mukherjee, “Optimal real power rescheduling
of generators for congestion management using a novel ant
lion optimiser,” IET Gener. Transm. Distrib., vol. 10, no. 10,
pp. 2548–2561, 2016.

[23] S.S. Reddy, “Multi-objective based congestion management
using generation rescheduling and load shedding,” IEEE
Trans. Power Syst., vol. 32, no. 2, pp. 852–863, 2016.

[24] S. Gope, A.K. Goswami, P.K. Tiwari, and S. Deb,
“Rescheduling of real power for congestion management
with integration of pumped storage hydro unit using firefly
algorithm,” Int. J. Electr. Power Energy Syst., vol. 83,
pp. 434–442, 2016.

[25] C. Menos-Aikateriniadis, I. Lamprinos, and P.S. Georgilakis,
“Particle swarm optimization in residential demand-side
management: A review on scheduling and control algorithms
for demand response provision,” Energies, vol. 15, no. 6,
p. 2211, 2022.

[26] N. Liu, X. Yu, C. Wang, C. Li, L. Ma, and J. Lei,
“Energy-sharing model with price-based demand response for
microgrids of peer-to-peer prosumers,” IEEE Trans. Power
Syst., vol. 32, no. 5, pp. 3569–3583, 2017.

[27] W. Yi, Y. Zhang, Z. Zhao, and Y. Huang, “Multiobjective
robust scheduling for smart distribution grids: Considering
renewable energy and demand response uncertainty,” IEEE
Access, vol. 6, pp. 45715–45724, 2018.

[28] F. Jabari, M. Nazari-heris, and M. Abapour, “Implementation
and investigation of demand-side management polices in
iran’s industrial and commercial sectors,” J. Eng. Technol.
Manage., vol. 7, no. 1, pp. 34–42, 2023.

[29] S. Talari, M. Shafie-Khah, G.J. Osório, J. Aghaei, and J.P.
Catalão, “Stochastic modelling of renewable energy sources
from operators’ point-of-view: A survey,” Renew. Sustain.
Energy Rev., vol. 81, pp. 1953–1965, 2018.

[30] B. Lokeshgupta and S. Sivasubramani, “Multi-objective
dynamic economic and emission dispatch with demand side
management,” Int. J. Electr. Power Energy Syst., vol. 97,
pp. 334–343, 2018.

[31] E. Dehnavi and H. Abdi, “Determining optimal buses for
implementing demand response as an effective congestion
management method,” IEEE Trans. Power Syst., vol. 32,
no. 2, pp. 1537–1544, 2016.

[32] A. Haque, P. Nguyen, F. Bliek, and J. Slootweg, “Demand
response for real-time congestion management incorporating
dynamic thermal overloading cost,” Sustain. Energy, Grids
Netw., vol. 10, pp. 65–74, 2017.

[33] V.K. Prajapati and V. Mahajan, “Reliability assessment and
congestion management of power system with energy storage
system and uncertain renewable resources,” Energy, vol. 215,
p. 119134, 2021.

[34] N. Good and P. Mancarella, “Flexibility in multi-energy
communities with electrical and thermal storage: A stochastic,
robust approach for multi-service demand response,” IEEE
Trans. Smart Grid, vol. 10, no. 1, pp. 503–513, 2017.

[35] R. D’hulst, W. Labeeuw, B. Beusen, S. Claessens,
G. Deconinck, and K. Vanthournout, “Demand response
flexibility and flexibility potential of residential smart
appliances: Experiences from large pilot test in belgium,”
Appl. Energy, vol. 155, pp. 79–90, 2015.

[36] B.F. Hobbs, J.C. Honious, and J. Bluestein, “What’s flexibility
worth? the enticing case of natural gas cofiring,” Electr. J.,
vol. 5, no. 2, pp. 37–47, 1992.

[37] D.K. Alexopoulos, A.G. Anastasiadis, G.A. Vokas, S.D.
Kaminaris, and C.S. Psomopoulos, “A review of flexibility
options for high res penetration in power systems—focusing
the greek case,” Energy Rep., vol. 7, pp. 33–50, 2021.

[38] S.M. Kazemi-Razi, H.A. Abyaneh, H. Nafisi, Z. Ali, and
M. Marzband, “Enhancement of flexibility in multi-energy
microgrids considering voltage and congestion improvement:
Robust thermal comfort against reserve calls,” Sustain. Cities
Soc., vol. 74, p. 103160, 2021.

[39] F. Zaeim-Kohan, H. Razmi, and H. Doagou-Mojarrad, “Multi-
objective transmission congestion management considering
demand response programs and generation rescheduling,”
Appl. Soft Comput., vol. 70, pp. 169–181, 2018.

[40] M.J. Pardo and D. de la Fuente, “Fuzzy markovian decision
processes: Application to queueing systems,” Comput. Math.
with Appl., vol. 60, no. 9, pp. 2526–2535, 2010.

[41] N. Liu, X. Yu, C. Wang, C. Li, L. Ma, and J. Lei,
“Energy-sharing model with price-based demand response for
microgrids of peer-to-peer prosumers,” IEEE Trans. Power
Syst., vol. 32, no. 5, pp. 3569–3583, 2017.

[42] M. Nasouri, G.N. Bidhendi, H. Hoveidi, and M.J. Amiri,
“Parametric study and performance-based multi-criteria
optimization of the indirect-expansion solar-assisted heat
pump through the integration of analytic network process
(anp) decision-making with mopso algorithm,” Sol. Energy,
vol. 225, pp. 814–830, 2021.

[43] E. Shayesteh, M.P. Moghaddam, A. Yousefi, M.-R. Haghifam,
and M. Sheik-El-Eslami, “A demand side approach for
congestion management in competitive environment,” Eur.
Trans. Electr. Power, vol. 20, no. 4, pp. 470–490, 2010.

[44] A. Dini, A. Hassankashi, S. Pirouzi, M. Lehtonen,
B. Arandian, and A.A. Baziar, “A flexible-reliable operation
optimization model of the networked energy hubs with
distributed generations, energy storage systems and demand
response,” Energy, vol. 239, p. 121923, 2022.


	Introduction
	Congestion management based on flexibility energy rescheduling (CMBFER) 
	Model Formulation
	 The objective functions of the CMBFER problem
	Minimizing loadability of congestion transmission line
	Minimizing generation cost
	Minimizing the cost of DR
	The inconvenience cost of customers

	 Control variables
	 The effect of flexibility on generation rescheduling
	The constraints of balancing the load and generation
	Inequality constraints
	 Generator constraints
	Constraint on incentives paid to loads participating in the DRP
	Security constraint


	Solving congestion management based on flexibility energy rescheduling (CMBFER) using 3 MOPSO
	 Implementation of MOPSO algorithm

	Numerical results
	The system under study

	Conclusion and future work

