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a b s t r a c t
The aim of this paper is to minimize the total cost of the system by incorporating wind power and plugin-electric vehicles (PEVs) along with demand response (DR) program. The methodologies have proposed
in contrast with the conventional algorithm in which the transmission line investment cost has been
minimized without considering the dynamism of the deregulated environment. Moreover, the transmission network planning enhances the competitiveness of the power market, where more market players
can participate. In this situation, the network planner has an important role in assessing the needs for
transmission investments. Now-a-days practice of the network planner is to utilize more renewable
power resources, PEVs and implementation of different electricity price tariffs. To achieve more benefits
of PEVs and wind energy, their optimal utilization is a major concern. This paper proposes a mathematical
model for solving the combined effect of PEVs and wind power integration with incentive-based DR
program on static transmission network expansion planning (STNEP) problem. To solve this non-linear
and non-convex problem, a nature-inspired optimization algorithm named gbest-guided artificial bee
colony algorithm (GABC) is applied due to its robustness. The algorithm’s performance is evaluated
through modified IEEE 24-bus, Brazilian 46-bus and Colombian 93-bus system. The test results indicate
that the combined effect of DR, PEVs and wind has reduced the total system cost significantly.
Ó 2015 Elsevier Ltd. All rights reserved.

Introduction
Economic benefits and environmental issues are the two major
concerns of the power system planning and its operations. Several
strategies such as integration of renewable energy resources are
adopted by the network planner to overcome these problems
[1,2]. As there are limitations of conventional energy resources,
major attraction is moving towards the renewable power resources
and other portable power devices. The power system planning is to
be done in an optimized way to prevent the system failure, load
shedding and reliability. However, the transmission expansion
planning (TEP) has an important role to play, as it helps to find
out the new transmission facilities required. TEP determines
‘‘what,” ‘‘where”, and ‘‘when” new transmission facilities to be
installed to the system requirements. Transmission network
expansion planning (TNEP) is categorized as static or dynamic
TNEP problems. The static TNEP problem is a single period planning, whereas the dynamic TNEP is a multi-period planning [3].

⇑ Corresponding author. Tel.: +91 9904402937; fax: +91 261 2227334.

Since 1970’s TNEP problem has been solved as an optimization
problem [4]. Thereafter many researchers have worked to solve the
TEP problem by applying various techniques and the research done
so far on TEP problem has been reported in [1,2]. Starting from the
classical optimization methods [4–6], heuristic methods [7–9] and
population/or nature inspired algorithms [10–18] have been
applied to solve TEP problem.
Generally big vulnerability comes in finding ‘‘optimal solution”
by mathematical optimization methods due to the internal limitations of the optimization techniques itself, such as the presence of
non-linearity and stochastic modeling. Furthermore, this leads to
large computational burden to the TEP planner. Therefore, these
days heuristic and meta-heuristic techniques are used to solve TEP
problems, which provide fast convergence and rapid calculation.
In the literature various issues and difficulties related to TEP
problems have been reported in [13,15–17]. In [13], the multiyear
TEP problem has been solved by considering demand uncertainty
nature to find out the most suitable group of projects, as well as
their scheduling along with the planning horizon. In [15], the TEP
problem has been solved by considering security issue and the
changes in the network configuration and affects in the investment
cost during any line outage has been presented. The multi-stage
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Nomenclature
Aij
 
j
B di

incentive price paid to the consumer in jth load period
(US $/MW)
customer’s income in the jth load period (US)

ai ; bi ; ci ; di ; ei cost coefficient of the ith generator
c
scale factor (units of wind speed)
C DRj
cost of demand response for jth load period (US $)
cost function of new line added to the i  k right-ofC Lik ðÞ
ways (US $)
C i ðÞ
total fuel cost function of the ith generator (US $/h)
C PEVi ðÞ cost function of total number of vehicle connected to
bus i (US $)
C wdi ðÞ
direct cost function of ith wind farm (US $/h)
C pwi ðÞ and C rwi ðÞ underestimation and overestimation cost
functions of the ith wind farm (US $/h)
dwi
direct cost coefficient for the ith wind farm (US $/MW h)
j
j
doi and di
new load demand and initial load demand at bus i for
jth load level (MW)
CDR
cost of demand response participation (US $)
TWC
total wind power utilization cost (US S/h)
Eij
elasticity of jth load level with respect to ith bus
ECV
energy cost of the PEV
F
fitness function
FC
fuel cost (US $/h)
j
f ik
active power flow in the i  k branch for jth load level
(MW)
f V ðv Þ and F V ðv Þ weibull probability and cumulative distribution
function (CDF) density function
max
f ik
active power flow limit on the i  k branch (MW)
f W ðPw Þ WECS wind power pdf
TLC
transmission line investment cost (US $)
k
shape factor
kpi and kri underestimation and overestimation cost coefficient
for the ith wind farm (US $/MW h)
Ld
number of load levels

TEP problem in a deregulated electricity market has been presented. The objective is to minimize the investment and operating
costs with the inclusion of N  1 reliability criterion [16]. In [17],
the impact of distributed generation (DG) on sub-transmission system expansion planning has been presented, which gives the
details about the optimal location and capacity of the substation
and DGs.
The wind related issues on TEP problem has been reported in
[19–23]. In [19], the reliability issue considering large wind farm
and load uncertainty has been described. The analyses described
the maximum wind energy capacity that is penetrated to a specified place. The impacts of large-scale wind integration have been
solved by taking investment, risk and congestion costs, reserve
market and reserve availability costs, and wind power investment
cost in [20–23]. The security and reliability constraints have been
considered to minimize the system cost. However, none of the
mentioned references includes the wind power utilization cost,
underestimation cost, overestimation cost and the optimal
placement of wind turbine on TNEP problem so far.
In a competitive electricity market, new incentive policy influences the consumers to take more participation in DR programs.
DR can be defined as the changes in electricity consumption patterns by the end-user customers, according to the changes in the
price of electricity over a period of time from their normal usage
patterns [24]. Implementation of DR program is found as an
alternative to generation and transmission expansion [25].
Demand response (DR) programs have been widely studied in unit

noik and nikj initial number of lines and new lines added jth load
level to the i  k branch
nmax
maximum number of lines that can be added to the i  k
ik
branch
Nlk
set of lines connected to bus k
Nmax
maximum number of PEVs
PEV
Nv ; Ng and Nw number of PEVs, thermal generators and wind
farms
penij
penalty at bus i for jth load level (US $/MW)
Pgij
active power generation at the ith bus at load level j

 (MW)
j
total payment for incentive (US $)
Pinc Ddi


j
PEN Ddi
total payment for penalty (US $)
and Pmax
active power generation lower and upper limit at
Pmin
gi
gi
the ith bus (MW)
j
Pdk
active load at bus k for load level j (MW)
j
PPEVi

power generated by the vehicle connected to bus i at
load level j (MW)
j
Pwi
scheduled wind power from the ith wind farm at load
level j (MW)
j
Pwi;a
available wind power from the ith wind farm at load lev
vel j (MW)
Pwr and Pw rated wind power and output power of the ith wind
farm (MW)
Probfg probability of events
TC
total cost (US $)
v ; v ci ; v co and v r wind speed, cut-in, cut-out and rated wind
speed m/s
cik
susceptance of a branch between buses i  k
hmj and hnj
phase angle at buses m and n for load level j (rad)

qoj i and qij original electricity and spot electricity prices at bus i
X

for jth load (US $/MW h) level (US $/MW h)
set of all candidate lines

commitment (UC) problem some of the papers are in [26–29]. In
[26,27], two types of DR programs have been reported, and their
impacts on load shape, load level, and benefits to the customer
have been analyzed. DR scheduling by a stochastic model for
security-constrained UC in the wholesale electricity market has
been solved, and the benefits of demand-side reserve in electricity
markets has been presented in [28,29]. From the literature
reviewed, it has been found that only few researchers have
reported the implementation of DR programs for TEP problem
[30,31]. In [30], TEP problem has been solved by incorporation of
demand response schedule considering wind power penetration.
In [31], a price-based DR program has been implemented on the
TEP problem. However, in both the papers the objective is to
minimize the total cost of the system, but the detail related to
the minimized value of cost, transmission line configuration and
the impact on load demand have not been adopted.
According to the electric power research institute (EPRI), it is
expected that by 2020 up to 35% of the total vehicles in the U.S. will
be PEVs [32]. The PEVs either in the form of source as a vehicle to
grid (V2G) technology or load as a grid to vehicle (G2V) technology
studies in the different fields of the power systems have been
reported in the literature recently [33–42]. The proper scheduling
of PEVs prevents overloading of the network, which leads to
the congestion free operation. The researches have studied the
applications of PEVs on the distribution network [33–35], UC
problem [36], economic load dispatch problem [37–39] and
transmission network [40–42].
www.Matlabi.ir
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In [33], the detailed review about the present condition, implementation, benefits, and impact of V2G/G2V technologies on distribution system has been presented. In [34], coordination of PEVs
and photovoltaic generation systems to minimize the overall cost
of the system has been reported. The impact of capacity variation
of PEV on distribution network investment and losses has been
presented in [35]. In [36], the UC problem has been solved by
incorporating V2G to minimize the cost and emission of the system. The coordination of the charging/discharging behaviors of
PEVs to minimize the operational of the total system has been presented in [37]. To minimize the total generation cost of the entire
system by considering the uncertainties of PEVs and wind power,
an economic dispatch model has been discussed in [38]. In [39],
a probabilistic constrained load flow problem by integrating PEV
and wind power generation to minimize the operation of the system has been presented. In [40], the cost-benefit analysis has been
investigated through the optimal PEV coordination schemes on the
transmission network. The integration of PEVs with wind power
penetration on the transmission network in deregulated market
and their impact on the energy cost of PEV has been analyzed
[41,42]. It has been found from the literature reported that the
application of PEVs on the TNEP problem has not been studied.
The gbest-guided artificial bee colony (GABC) optimization
algorithm is the modified version of ABC algorithm, which is a
population-based search optimization technique [43,44]. It is
inspired by the intelligent foraging behavior of honey bees. The
algorithm has been utilized for solving power system problems
such as economic load dispatch, UC and load flow [45–47]. From
the results reported in [45–47] it has been found that the algorithm
proves its fast convergence and robustness.
This paper proposes a mathematical structure, which is a combination of PEVs and wind power uncertainty along with consideration of wind power utilization cost, underestimation cost and
overestimation cost model with the DR program for solving the DC
power flow model based STNEP problem to minimize the total system cost. The GABC algorithm is applied to solve this complex optimization problem because of its versatility and fast convergence.
The algorithm is verified on the modified IEEE-24 bus, Brazilian-46
bus and Colombian-93 bus test system. The performance of the
GABC algorithm is compared with the results reported by other
researchers. The main contributions of this paper are following:

introduced and developed by Basturk B and Karaboga D [48]. It
consists of three artificial bees groups, namely employed bees,
onlooker bees and scout bees. The position of each food source signifies a probable and possible solution of the defined optimization
problem. The nectar amount of the food source represents the
quality or fitness of the solution.
Employed bees are the bees that are going to the food source
randomly; they carry information and share it with other bees
waiting at the hive regarding location and the profitability of that
particular food source. The bees are waiting in the dance area for
making the decision to choose a food source based upon information given by the employee bees known as onlooker bees and bees
which carrying out random search around the swarm to find food
source are scout bees. The ABC algorithm follows the same process
for optimization and the steps mentioned below are repeated until
a termination criterion is reached.

1. To study the effect of wind power uncertainty on STNEP
problem.
2. To study the effect of PEVs concept on STNEP problem.
3. To study the combined effect of the DR program and PEVs with
wind uncertainty on STNEP problem.

At this position, each employed bee finds the new food source
position v ij by utilizing the old position using (3)

Initialization of the parameters
The algorithm has few input/control parameters such as population size (Ns), the number of food source, number of employed
and onlooker bees, the number of trials after which the food source
is assumed to be abandoned called as limit, and finally the stopping
criterion (maximum number of iterations).
Initialization of the populations
After feeding the input parameters, the ABC algorithm generates arbitrarily distributed initial population Ppop of Ns vectors of
candidate solutions as (1),

Ppop ¼ ½X 1 ; . . . X i ; . . . ; X Ns T

ð1Þ

where X i ¼ ½xi1 ; . . . ; xij ; . . . ; xiD  represents the ith food source of
D-dimensional vector, then each food source is generated as follow:



xij ¼ lowerboundj þ upper boundj  lowerboundj  rand;
for j ¼ 1 . . . D and i ¼ 1 . . . Ns

ð2Þ

Employed bees phase

v ij ¼ xij þ wij  ðxij  xkj Þ

ð3Þ

where wij is a random number between [1, 1], and
k 2 f1; 2; . . . ; Nsg and j 2 f1; 2; . . . ; Dg are randomly chosen indexes.
After selection of a new position, the nectar amount is compared
between new and old position; if the new position is found better
than the old position, a new position is retained; otherwise it is
discarded. The greedy selection method is used for the choice of
the best and the worst.

The paper is organized as follows: Section ‘‘Basic Artificial Bee
Colony (ABC) optimization algorithm” presents the basic ABC
algorithm. The overview of GABC algorithm is presented in
Section ‘‘Gbest Artificial Bee Colony Algorithm (GABC)”. In
Section ‘‘Problem formulation”, the proposed problem formulation
is described. In Section ‘‘Implementation of GABC algorithm to the
static TNEP problem” implementation of the GABC algorithm on
proposed STNEP problem is described. Illustration of the systems
under study and results are presented in Section ‘‘The systems
under study and results”. Discussions and conclusions are given in
Sections ‘‘Discussion on the results” and ‘‘Conclusion” respectively.

The onlooker bees select a food source according to the
probability calculated by (4) associated with that food source.

Basic Artificial Bee Colony (ABC) optimization algorithm

fitnessi
Pprobabilityi ¼ PNs
j¼1 fitnessj

Artificial Bee Colony (ABC) is one of the popular meta-heuristic
algorithms, which is inspired by the collective intelligent behavior
of honey bees for hunting for food. The ABC algorithm has been

where fitnessi is the fitness value of ith solution, and Ns is the number of food source. Similar to the employed bees phase, the onlooker
bees also modify their position using (3) and repeat the same.

Onlooker bees phase

ð4Þ
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F ¼ Inv estment cost þ Operating cost

Scout bees phase
If a food source position cannot be enhanced during a specified
number of trials (limit) then it is assumed to be abandoned.
Assume that the abandoned source is xij and j 2 f1; 2; . . . ; Dg, then
the new food source found by the scout bees to be replaced by the
abandoned position by using (5),

ð7Þ

(
"N
g
Nw 
Ld
  X
 
X
X
X
j
¼
C Lik ðnik Þ þ a 

C i P gij þ
C wdi P wi
i;k2X

i

j

i

)
# L
Nv



 X


d
X
j
j
j
j
j
þ
C
þ
þC pwi P wi;a

P
P

P
C
P
C
þ
rwi
PEVi
DRi
wi
wi
wi;av
PEVi
v
i

i

ð5Þ

ð8Þ

For each candidate source position v ij is produced and estimated by
the artificial bee, its quality is compared with its old position. If the
new position is found better than the old position, it replaces the
old position and if not the old position is retained in memory. In
the complete process, it is considered that at each cycle at maximum only one scout bee goes outside for hunting a new food
source.

The model presented by (8) is analyzed by considering different
combinations of cost components. The terms in (8) are explained
as follows:
The first term C Lik ðnik Þ in the proposed objective function (8) is
the traditional STNEP cost model i.e. cost of new transmission line
[11–13,17,49–51] and is given as

xij ¼ xjmin þ rand½0; 1  ðxjmax  xjmin Þ

C Lik ðnik Þ ¼ CLik nik

ð9Þ


The second term C i Pgij is the thermal generation cost and it is rep-

Gbest Artificial Bee Colony Algorithm (GABC)
In ABC algorithm the solution search equation described as in
(3) and the probability of getting a random solution for the best
and the worst solution are same. Also, (3) has good exploration,
but poor exploitation. In order to achieve good optimization, performance the exploration and exploitation abilities should be
equally balanced. Therefore, to achieve this (3) is modified to
improve the exploitation as follows [44]

v ij ¼ xij þ ;ij




xij  xkj þ wij ðyj  xij Þ



ð6Þ

where the term added in (3) is gbest term, yj is the jth element of the
global best solution, and wij is an uniform random number in [0, C],
where C is a non-negative constant. By adding this term the exploitation ability of ABC algorithm is increased, and the modified ABC
algorithm is named as gbest-guided ABC (GABC) algorithm. The
value of C plays an important role in improving the exploitation.
Problem formulation
The objective of the TNEP problem is to minimize the total cost
under various economic and technical constraints. The assumptions made for the proposed STNEP problem are:
1. A lossless DC power flow is adopted to model the STNEP
problem.
2. The STNEP problem is solved for 100% load level period, and it is
assumed that the transmission lines expanded are cable to cater
the requirements of rest planning horizon.
3. The spot price and the electricity price are assumed to be same.
4. The group PEVs is installed at a particular location, and they are
considered as a source during peak load periods and as a load
during off-peak periods.
5. The vehicle battery life cost is not included in the cost function
of PEVs.
The proposed STNEP model
In this paper, an equivalent objective of maximizing the social
welfare is to minimize the sum of the investment cost as transmission line investment cost and the operating cost as a summation of
the fuel cost of thermal generating unit, the wind power utilization
cost, the cost of demand response participation and the energy cost
of the vehicles connected to the grid is considered and it is
formulated as follows:
Minimize
Total Cost,

resented by the quadratic function of operation cost of thermal generation considering the valve-point effect, which is given by [52]:

 
 2
j
n 
ok
j
C i Pgij ¼ ai Pgij
þ bi P gij þ ci þ di sin ei Pmin
gi  P gi

ð10Þ

 
j
The third term C wdi P wi
is a direct cost component and which is the
linear cost function of wind power. This amount is paid by the system operator when they consume wind output power; if they do
not own the wind generators self otherwise it’s equal to zero.

 
j
j
C wdi Pwi
¼ dwi Pwi

ð11Þ


j
j
The fourth term C pwi Pwi;a
v  P wi



gives the underestimation cost

(penalty cost) of wind power when the system operators do not utilize all available wind power (i.e. wind power generated is more
than the expected power) and it is determined by using the distribution function [45,53]. This cost function is given by (12)

Z




j
j
j
j
C pwi Pwi;a
v  P wi ¼ kpi P wi;av  P wi ¼ kpi

j

Pwri

j
P wi



j
P w  Pwi
f W ðPw ÞdPw
ð12Þ



j
j
The fifth term C rwi P wi
 Pwi;a
v represents the overestimation cost
(reserve cost) model of wind power, which is similar to the underestimation cost, but in this case the amount paid by the system
operator due to wind power generated is less than the expected
power and it is found by using the distribution function [45,53], i.e.,

Z




j
j
j
j
C rwi Pwi
 Pwi;a
v ¼ kri P wi  P wi;av ¼ kri

0

j

Pwi




j
Pwi
 Pw f W ðPw ÞdP w
ð13Þ



j
gives the energy cost of the vehicles. The
The sixth term C PEVi P PEVi
vehicle owners may decide their vehicle charging/discharging period in order to get more benefits depending upon the spot electricity price. The energy cost of the vehicle can be written as [40]



j
j
¼ PPEVi
C PEVi PPEVi
 qij

ð14Þ

Finally, the last term C DRj represents the cost for jth load level of
demand response participation. The execution of various types of
demand response program leads to an extra cost for the independent system operator (ISO) [27] and it is calculated by using (15)

C DRj ¼

j
doi



" j
#
A2i  Eij

qoj i

ð15Þ
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where a is the weighting factor which is used to equalize between
the investment cost and the operating cost, and its value is selected
between 10 and 10,000 after several experimentation.

function and the cumulative distribution function (CDF) are calculated by (23) and (24) respectively.

f V ðv Þ ¼

Equality and Inequality constraints of PEVs and STNEP
The constraints are incorporated in solving process so as to prevent the system from failure. These constraints are organized as
follows:
1. Vehicle balance in STNEP: As per the registered/forecasted PEVs,
the total number of vehicles should be less than or equal to the
maximum number of PEVs for the scheduling of the specified
period.
hr
X
NPEV ðtÞ 6 Nmax
PEV

ð16Þ

F V ðv Þ ¼

  k1
k v
v k1
expð c Þ ;
c c
Z v
0

X
8i2N lk



j

fi þ

X
8i2N lk

Pgij þ

PPEV ¼ PPEV ;

X
8i2Nlk

j
Pwi


X
8i2N lk

j
j
PPEVi
 Pdk
¼ 0 k ¼ 1; .. .; Nb

During Discharging period

PPEV ¼ PPEV ; During Charging period
ð17Þ
6. Maximum power flow limits: In order to maintain system stability, and the line loading should be less than its thermal limit.


X  j  
max
j
f i  6 noi þ ni f i

In the DC power flow model, power flow between branches in
(18) is calculated by using (19).

ð19Þ

7. Power generation limits: Each power generating source has generation range represented as
j
max
Pmin
gi 6 P gi 6 P gi

ð20Þ

j
6 Pwri
0 6 Pwi

ð21Þ

Pw ¼ 0;

v < v ci

for

and



v  v ci
v r  v ci

Pw ¼ Pr
Pw ¼ Pr ;

for

ð24Þ

;

for

v > v co

ð25Þ

v ci 6 v 6 v r

ð26Þ

v r 6 v 6 v co

ð27Þ

From the Weibull function, the probability of wind power output at
zero, rated and intermediate position between them can be generated from Weibull PDF by using (28)–(30) respectively [53]:

ProbfPw ¼ 0g ¼ F V ðv ci Þ þ ð1  F V ðv co ÞÞ
  k
  k
v ci
v co
þ exp 
¼ 1  exp 
c
c

ð28Þ

ProbfPw ¼ Pr g ¼ F V ðv co Þ  F V ðv r Þ
  k
  k
vr
v co
¼ exp 
 exp 
c
c

ð29Þ



where k ¼ PPwr and b ¼ v rvciv ci


kbv ci ð1 þ kbÞv ci
f W ðP w Þ ¼
c
c

k1


ð1 þ kbÞv ci
exp 
c

k

!
ð30Þ

Demand response modeling
In a vertical electricity market, the consumers are paying electricity price irrespective of their consumption. As in the deregulated market the independent system operator (ISO) is
influencing consumers to decrease or shift their loads when the
price is more. DR program is divided into two main categories as
in [24] (i) Incentive-based programs and (ii) Price-based programs.
In this paper incentive-based DR program is implemented and for
different load levels different elasticity factors are considered to
show their effects on price, demand and the consumers benefit.
Elasticity is defined as the demand sensitivity with respect to
the electricity price values [27]. The elasticity of jth load level with
respect to ith bus can be written as:
j

8. Line expansion limits: The expansion of new parallel lines should
be within the range specified as

0 6 nikj 6 nmax
ik

k

ð18Þ

8i2Nlk




j
f ik ¼ cik noik þ nikj hmj  hnj ; m – n; 8m; n 2 Nb

v

f V ðsÞds ¼ 1  expð c Þ

ð23Þ

Once the intermittent nature of the wind is considered as an arbitrary variable, the output power of the wind energy conversion system (WECS) may also be considered as a random variable. The
output of the WECS [53] with different wind speeds is stated as:

t¼1

2. Charging–discharging frequency: In this case multiple charging–
discharging facilities of PEVs are considered.
3. State of charge (SoC): It is assumed that each vehicle can store
energy up to 90% and discharge up to 20% of its maximum
energy.
4. Efficiency (gÞ: Battery efficiency should be taken under
consideration.
5. Power balance: PEVs are assumed as a source during peak load
period and as a load in off-peak load period [33–36]. Along with
this, the power supplied by the thermal generators and wind
farms must satisfy the load for that period,

0<v <1

ð22Þ

Wind speed and turbine generator model
The wind energy is highly sensitive to the wind speed and due
to the unpredictable nature of wind, many related models are studied. However, it is seen from the previous literature that [53,54]
the Weibull distribution is commonly used to represent the wind
speed character. Therefore, in this paper also the Weibull probability density function (PDF) is used. The Weibull probability density

Eij ¼

@ðdi Þ

@ðq

j
iÞ

¼

qoj i dðdij Þ

j
j
doi dðqi Þ

ð31Þ

As the electricity price increases in a particular period, the consumers are intended to shift their loads to another interval or otherwise try to reduce the consumptions. To tackle the price variations,
loads reacts [55] in two ways: single period loads and multi-period
loads. The single period loads are the loads that are not able to shift
to the other intervals, and they could be only connected or disconnected to take part in the price variations. These are sensitive to a
single period and known as self-elasticity. The multi-period loads
are the loads that can be shifted from peak load period to offpeak or low period. These are sensitive to a multi-period and known
as cross-elasticity. In the proposed method, a single period load
www.Matlabi.ir
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modeling is considered and the participation of customers in DR
programs and the economic load model presented in [26] is applied.
Single period modeling

 


Based on the incentive Aij and penalty penij values offer, the

consumers changes its demand as
j
Ddi

¼

j
doi

j
di



ð32Þ



j
So, the total incentive price P inc Ddi paid to the consumers for the
demand for jth load level at ith bus during the DR program is given
as:



h
i
j
j
j
Pinc Ddi ¼ Aij  doi  di

ð33Þ

If the consumers are participating in DR program and not obeying
the rules, the penalty ðpenij Þ will be charged and the total penalty


j
PEN Ddi will be calculated as:



j
j
j
PEN Ddi ¼ penij  fdoi  di g

ð34Þ

Implementation of GABC algorithm to the static TNEP problem
This section provides the details of the application of GABC optimization technique to solve the proposed STNEP problem. The flow
chart is illustrated in Fig. 1 and the steps to be followed are:
(1) Read all the network data and the algorithm control
parameters.
(2) Create the random initial population vector of possible optimal solution using (1) according to the case study under
consideration.
(3) The GABC optimization algorithm iterates over the
employed bees, onlooker bees and scout bees phases until
the termination criterion is reached.
(4) Run DC load flow for every change in food source position by
simultaneously checking for the system constraints using
(16)–(22). The penalty factor method is used to handle the
system constraints.
As quick as the stopping criteria is achieved, the solution
obtained by the GABC algorithm is the one with minimum transmission line investment cost and total cost, which at the same time
satisfies all the system constraints.

The consumers benefit CB for jth load level will be:

 




j
j
j
j
CB ¼ B di  di  qij þ Pinc Ddi  PEN Ddi
For maximizing consumers benefit,

@CB
j
@di

ð35Þ

¼0

  
j
@ B di
  ¼ qij þ Aij þ penij
j
@ di

System under study

ð36Þ

And from [22]:

  
(
)
j
j
j
@ B di
d  doi
  ¼ qoj  1 þ i
j
i
j
Eij  doi
@ di

ð37Þ

By comparing (36) and (37)

(

q þ
j
i

Aij

þ

penij

¼q 
j
oi

j

1þ

j

di  doi

)
ð38Þ

j

Eij  doi

Therefore, consumer’s consumption will be:

(
j
di

¼

j
doi



1þ

Eij  ½qij  qoj i þ Aij þ penij 

qoj i

)
ð39Þ

Accordingly, the cost of demand response participation can be calculated as [27]:



j
j
C DRi ¼ Aij  doi  di

ð40Þ

By assuming the electricity price before and after demand response
to be equal and the penalty to be zero, (38) and (39) become

(
j
di

¼

j
doi

C DRi ¼



j
doi

1þ



Eij  ½Aij 

qoj i

" j
#
A2i  Eij

qoj i

The systems under study and results

)
ð41Þ

ð42Þ

The ISO has to pay this amount to the consumers as an incentive
when they are participating in DR programs.

The static TNEP study is performed in MATLAB environment by
applying the GABC optimization algorithm. The test systems used
are (1) a modified IEEE 24-bus system (2) Brazilian 46-bus system
[10] and (3) Colombian 93-bus system [56]. Original IEEE 24-bus
network data has been taken from [48] and the thermal generator
cost characteristic of ith unit are modified by using data available
in [51]. Details are shown in Tables 1 and 2. It is assumed that
the maximum number of three new parallel lines may be installed
in each possible path.
For solving the STNEP problem, the value of Pmin
gi is set to 0 MW.
For the implementation of the DR program at different load levels,
the total duration of 8760 h is considered [41]. The maximum
numbers of PEVs considered are 500,000. Spot electricity price
(SP) is extracted from [25] and the price elasticity of each load level
is taken from [54]. Spot electricity price, price elasticity, incentive
price and penalty price offered to the consumers for jth load level
at ith bus are same. The details of wind generators and PEVs
parameters used are given in Table 3.
To examine the effects of various situations on the proposed
STNEP problem, eight different scenarios are demonstrated.
 The scenario-1 is assumed to be the base case in which the
STNEP problem is solved only for a given generation and load
plan.
 In scenario-2, the power generation of the generating units is
allowed to vary between their minimum and maximum generating limits.
 The impact of EDRP-DR program is analyzed in scenario-3.
 Integration of wind power and PEVs at load bus is analyzed in
scenario-4 and scenario-5.
 In scenario-6, the DR program is examined with the integration
of PEVs at load bus.
 In scenario-7, the wind power and PEVs are integrated at load
bus for the analysis.
 The combined impact of the PEVs, wind power uncertainty and
DR program is illustrated in scenario-8.
www.Matlabi.ir
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START

Load network data , Input the control parameters of
algorithm, population of bee colony, Ns, D, C, limit, Max.
iteration, possible range of decision variables (Xi) may vary
depending upon the case studies, DR programs and PEVs
parameters

Generate initial food positions (possible candidate solutions) using (1)

Iteration=1
Run DC load flow and evaluate fitness function F using (8) (i.e. calculation of nectar amount)

Memorize the best food source/solution

If
Iteration ≤ Max .
iteration

No

Yes
Update the position using (6)

Run DC load flow, evaluate F and memorize the best food source/solution

Employee
bees phase

Calculate the probability using (4) and update the position using (6)
Onlooker bees
phase
Run DC load flow, evaluate F and memorize the best food source/solution

Find the abandoned food sources

Change the position of abandoned food sources value using (5)

Scout bee
phase

Run DC load flow, evaluate F and memorize the best food source/solution so far

Iteration= iteration + 1

Display final solutions

STOP
Fig. 1. Flow chart of GABC algorithm for the proposed STNEP problem.

Selection of the control parameters of the GABC algorithm
The GABC algorithm has five input parameters, and these
parameters are highly sensitive to the output. These parameters
also depend on the model under study. Hence the tuning of these
parameters is important. The number of population (=colony size)
(Ns), employed bees, onlooker bees, scout bees and C are the control parameters of the GABC algorithm. In order to set them carefully, 10 trial runs are taken on each one of them. The employed

bees are considered as 50% of the colony size. The control parameter variation of the algorithm for scenario-1 is presented in
Table 4.
The effect of colony size on transmission line investment cost is
studied by varying colony size from 20 to 300 by keeping the limit
value at 4, the value of C at 1.5 and onlooker bees = 30⁄ employed
bees. It is observed from Table 4 that as the colony size is increased
the rate of achievement of the optimal solution is increased.
However, to achieve less computational time its moderate value
www.Matlabi.ir
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Table 1
Generator characteristics [52].
Unit

Max., generation (MW)

ai ($/(MW)2 h)

bi ($/MW h)

ci ($/h)

di ($/h)

ei (rad/MW)

1
2
3
4
5
6

80
130
240
300
340
470

0.10908
0.12111
0.10587
0.03546
0.02803
0.0211

39.5804
39.5104
46.1592
38.3055
40.3965
36.3278

950.606
800.705
451.325
1243.531
1049.998
1658.569

25
30
20
20
30
60

0.0178
0.0168
0.0163
0.0152
0.0128
0.0136

Table 2
Data of IEEE 24-bus system.
Bus number

G0 (MW)

G1 (MW)

G2 (MW)

G3 (MW)

G4 (MW)

Load Pd (MW)

Modified generator cost characteristics

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24

576
576
0
0
0
0
900
0
0
0
0
0
1773
0
645
465
0
1200
0
0
1200
900
1980
0

576
576
0
0
0
0
900
0
0
0
0
0
1773
0
645
465
0
1200
0
0
1200
900
315
0

465
576
0
0
0
0
722
0
0
0
0
0
1424
0
645
465
0
1200
0
0
1200
900
953
0

576
576
0
0
0
0
900
0
0
0
0
0
1457
0
325
282
0
603
0
0
951
900
1980
0

520
520
0
0
0
0
812
0
0
0
0
0
1599
0
581
419
0
718
0
0
1077
900
1404
0

324
291
540
222
213
408
375
513
525
585
0
0
795
582
951
300
0
999
543
384
0
0
0
0

Unit (5)+ Unit (3)
Unit (5)+ Unit (3)
–
–
–
–
3⁄Unit (4)
–
–
–
–
–
3⁄Unit (5)+ Unit (1)
–
Unit (5)+ Unit (1)+ Unit (3)
Unit (6)
–
4⁄Unit (4)
–
–
4⁄Unit (4)
3⁄Unit (4)
3⁄Unit (6)+ Unit (5)+ Unit (3)
–

Table 3
Details of wind generator and PEVs parameters.
Wind generator [53]

Cut-in speed = 4 m/s
dw = 8 US $/MW h

Cut-out speed = 20 m/s
kp = 6 $/MW h

Rated speed = 12 m/s
kr = 8 $/MW h

PEVs [36]

Maximum battery capacity = 25 kW h

Minimum battery capacity = 10 kW h

Average battery capacity = 15 kW h Inverter efficiency = 85%

is considered. A similar procedure is followed for the selection of
onlooker bees by keeping other parameters fixed. The limit value
is responsible for the scout bee production in the GABC algorithm.
To see its effect on algorithm performance it is varied from 2 to 12.
From Fig. 2, it is observed that for lower value of limit i.e. 2, the
chance of finding the optimal solution is less and as its value is
increased the chance of getting optimal solution is increased. But
according to [58], for high limit value exploration capability of
the algorithm is more, while with a very low value it reduces the
exploitation capability. Hence, a moderate value is considered for
this study.
From Fig. 2 it is observed that for very high value of C, the algorithm fails to find the optimal solution and for low value it can
obtain the optimal solution but with a higher number of iterations.
Therefore, in this study the value of C is taken as 1.5. From the
graph, it is observed that at this value of C the GABC algorithm
has good exploration and finds the optimal solution in less than
30 iterations. Figs. 3–5 portray the impact of colony size, onlooker
bees and limit value variations in the total cost. It is seen that with
the increase in colony size, the number of onlooker bees and limit
value, the presented optimization algorithm yields the optimal

solution in less number of iterations. To show the convergence performance of ABC and GABC algorithms, a graph is plotted for scenario 1 and it is as shown in Fig. 6. It is observed from the graph
that the GABC algorithm reaches the optimal solution in less than
50 iterations while ABC algorithm takes more than 100 iterations
for the same number of colony size (=50). Hence, this indicates that
the modification made in the basic ABC algorithm is effective.
Based on the above trail runs the following control parameters
are selected for the best solution of the GABC algorithm: population size (colony size) Ns = 50, Onlooker bees = 750, limit = 4,
C = 1.5 and the maximum number of iterations = 500. The best
result for minimum total cost TC with these control parameters
is obtained after 30 trails.
Results
In these studies, scenarios 1–8 are analyzed on a modified IEEE
24-bus system and scenario-1 is analyzed on Brazilian 46-bus and
Colombian 93-bus system. The capability of the GABC optimization
algorithm is demonstrated and validated through simulation of the
scenarios 1–8. The simulation results and generating units
www.Matlabi.ir
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Table 4
Control parameter variations of GABC algorithm (Scenario 1).
Control parameters

Result ( INVC US

Computation time for 500
iterations, seconds

Best

Worst

Average

Trial

Success

20
50
100
150
200
250
300

390,000,000
390,000,000
390,000,000
390,000,000
390,000,000
390,000,000
390,000,000

472,000,000
390,000,000
390,000,000
390,000,000
390,000,000
390,000,000
390,000,000

390,000,000
390,000,000
390,000,000
390,000,000
390,000,000
390,000,000
390,000,000

10
10
10
10
10
10
10

4
10
10
10
10
10
10

259.228
650.649
1319.955
1927.209
2595.437
3251.680
3856.877

Onlooker bees
125
250
500
750
1000

390,000,000
390,000,000
390,000,000
390,000,000
390,000,000

506,000,000
390,000,000
390,000,000
390,000,000
390,000,000

413,200,000
390,000,000
390,000,000
390,000,000
390,000,000

10
10
10
10
10

8
10
10
10
10

130.660
246.722
475.122
703.737
889.622

Limit value
2
4
6
8
10
12

390,000,000
390,000,000
390,000,000
390,000,000
390,000,000
390,000,000

390,000,000
452,000,000
452,000,000
452,000,000
390,000,000
390,000,000

390,000,000
402,400,000
414,800,000
402,400,000
390,000,000
390,000,000

10
10
10
10
10
10

6
8
6
8
10
10

657.546
646.869
651.773
640.880
626.987
639.322

Bold values denote the optimal solution found.

Fig. 2. The impact of different values of C (non-negative number) on Total cost.

Fig. 3. The impact of variations of colony size on total cost.

scheduling for all the scenarios for IEEE 24-bus system are
enumerated in Tables 5 and 6. The details of the PEVs power output
and number of PEVs are presented in Table 7. Form Table 7, it is

observed that the PEVs power output is reduced for scenario-8 as
compared to scenarios 5–7. The comprehensive results for all the
scenarios are described below:
www.Matlabi.ir
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Fig. 4. The impact of variations of onlooker bees on total cost.

Fig. 5. The impact of variations of limit value on total cost.

Fig. 6. Cost convergence comparison curve for ABC and GABC.

Scenario 1: In this scenario, the static TENP problem (8) is solved
only with thermal generating unit. For IEEE 24-bus system simulation, generation plan G1 is considered. In this case the transmission
line investment cost (TLC) obtained with the GABC optimization
algorithm is 390,000,000 US $ with additions of 12 new lines to

the base network and the added line network topology is:
n15 ¼ 1, n324 ¼ 1, n610 ¼ 1, n78 ¼ 2, n1416 ¼ 1, n1524 ¼ 1,
n1617 ¼ 2, n1619 ¼ 1 and n1718 ¼ 2.
For Brazilian 46-bus network the optimal solution obtained has
TLC = 154,420,000 US $ with additions of 16 new lines to the base
www.Matlabi.ir
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Table 5
Dispatch of generating units and PEVs for all scenarios of the proposed STNEP problem.
Total
load at
level 1
(MW)

Total
generations
(MW)

–
–

8550.00
8550.00

8550.00
8550.00

–
340.50

–
–

8202.65
8550.00

8202.65
8550.00

1694.14
1643.43

–
–

333.82
262.27

8549.92
8202.65

8550.00
8202.65

543.26

1498.66

446.59

331.98

8549.99

8550.00

514.11

1307.97

444.01

247.32

8202.65

8202.65

Scenarios

Generating Units (MW)

Pg1

Pg2

Pg7

Pg13

Pg15

Pg16

Pg18

Pg21

Pg22

Pg23

Pwind

PPEV

1 Base Case
2 With generation
resize
3 With EDRP-DR
4 With wind
uncertainty
5 With PEVs
6 With EDRP and
PEVs
7 With wind
uncertainty and
PEVs
8 With EDRP and
PEVs, with
consideration of
wind
uncertainty

576.00
570.42

576.00
570.89

900.00
900.00

1773.00
1577.58

645.00
644.79

465.00
464.52

1200.00
942.14

1200.00
1189.33

900.00
65.54

315.00
1624.76

–
–

576.00
573.62

575.03
573.62

884.06
552.79

1772.95
1769.44

638.00
645.00

464.99
373.61

1200.00
737.06

387.06
737.06

172.78
552.79

1531.75
1694.48

574.44
533.69

574.44
533.69

553.24
530.11

1773.00
1773.00

645.00
612.80

373.23
369.91

737.66
706.81

737.66
706.81

553.24
530.11

576.00

576.00

543.26

1700.03

578.87

306.61

724.35

724.35

576.00

576.00

514.11

1765.71

642.72

243.69

685.48

685.48

Table 6
Overall summary of results obtained for the proposed STNEP problem.
Scenarios

Results of STNEP

1 Base Case
2 With generation
resize
3 With EDRP-DR
4 With wind
uncertainty
5 With PEVs
6 With EDRP and
PEVs
7 With wind
uncertainty and
PEVs
8 With EDRP and
PEVs, with
consideration of
wind
uncertainty

TLC, US $

Average, US
$

Worst, US $

Standard
deviation

FC, US $/hr

TWC, US
$/hr

DRC, US $

PEVs cost,
US $

TC, US $

Total
new
lines
added

390,000,000
152,000,000

390,000,000
169,400,000

390,000,000
184,000,000

0
12,580,408.048

–
–

–
–

–
–

–
–

390,000,000.000
152,000,000.000

12
5

136,000,000
136,000,000

154,400,000
143,400,000

184,000,000
172,000,000

18,968,980.527
1,5027,382.414

–
441,095.399

–
3,205.359

4,515.500
–

–
–

136,004,515.500
136,444,300.758

5
4

132,000,000
128,000,000

213,000,000
122,400,000

278,000,000
156,000,000

44,624,358.072
19,995,555.062

453,000.845
430,834.350

–
–

–
4,515.500

10,726.099
5,788.283

132,463,726.944
128,441,138.133

3
3

104,000,000

125,400,000

156,000,000

21,869,308.783

435,666.742

3,595.132

–

8,790.282

104,448,052.157

3

100,000,000

108,400,000

128,000,000

1,1027,239.002

424,949.476

3,574.338

4,515.500

5,808.396

100,438,847.709

3

Table 7
Details of PEVs for scenarios 5–8 of the STNEP problem.
Load levels

Demand

Durations (h)

Scenarios
5 With PEVs

1
2
3
4
5
6
7
8
9
10

8550
7695
6840
5985
5130
5985
5130
4275
3420
2565

0–400
400–900
900–1500
1500–2300
2300–3100
3100–4100
4100–5100
5100–6300
6300–7500
7500–8760

6 With EDRP-DR and PEVs

7 With wind uncertainty and
PEVs

8 with EDRP and PEVs, with
consideration of wind
uncertainty

PPEV (MW)

Vehicle
number

PPEV (MW)

Vehicle
number

PPEV (MW)

Vehicle
number

PPPEV (MW)

Vehicle
number

333.824
317.062
436.888
625.540
239.181
657.763
327.247
239.185
474.800
421.700

38,907
36,748
50,699
72,797
26,799
76,333
36,666
26,799
53,199
47,249

262.271
358.091
421.389
261.908
346.277
668.431
419.471
385.552
496.219
432.945

30,483
41,498
48,899
30,399
38,799
77,666
47,000
43,199
55,599
48,509

340.502
348.925
417.296
407.165
189.203
540.933
377.821
392.691
478.370
562.266

39,508
40,498
48,599
47,198
21,199
62,666
42,333
43,999
53,599
62,999

247.327
245.745
344.734
603.456
414.105
651.303
380.796
424.821
431.961
534.153

28,679
28,499
40,199
69,997
46,398
75,666
42,666
47,599
48,399
59,849
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Table 8
Results of Brazilian 46-bus and Colombian 93-bus test systems for scenario 1.
Results of static TEP

Brazilian 46-bus test
system
Scenario 1

Colombian 93-bus test
system
Scenario 1

Best, US $
Average, US $
Worst, US $
Standard deviation
Computation for 500
iterations, s

154,420,000
169,544,455
179,702,000
8,162,466.654
794.353

296,454,000
302,202,600
338,744,000
13,142,568
3505.903

network and the added line network topology is: n2021 ¼ 2,
n4243 ¼ 2, n466 ¼ 1, n1925 ¼ 1, n3132 ¼ 1, n2830 ¼ 1, n2629 ¼ 3,
n2425 ¼ 2, n2930 ¼ 2, and n56 ¼ 1.
Similarly, for Colombian 93-bus network the optimal solution
obtained has TLC = 296,454,000 US $ with additions of 5 new lines
to the base network and the added line network topology is:
n5054 ¼ 1, n5456 ¼ 1, n5557 ¼ 1, n5562 ¼ 1, n5657 ¼ 1. The
simulation results with statistical analysis of the solution obtained
for 46-bus and 93-bus is displayed in Table 8. The cost convergence
curve for 46-bus and 93-bus is shown in Fig. 7. This curve portrays
that the GABC optimization method is able to find the optimal
solution within 100 iterations.
Scenario 2: In this case, for IEEE 24-bus system the optimal
solution found by the GABC optimization algorithm has TLC
= 152,000,000 US $ with additions of 5 new lines to the base network and the added line network topology is: n610 ¼ 1, n78 ¼ 2,
n1012 ¼ 1 and n1416 ¼ 1.
Scenario 3: In this case, incentive-based (EDRP) DR program is
applied to the proposed problem. This program offers maximum
electricity price, incentive and penalty for the customers at the
peak load level. For other load levels, incentive and penalty price
offered is zero. The details of the DR program data are given in
Table 9. The implementation of EDRP program results in the reduction of peak load to 8202.656 MW from 8550 MW and is shown in
Fig. 8. The optimal solution has TLC = 136,000,000 US $, the cost of
demand response participation (CDR) for peak load level = 4515.500 US $, TC = 136,004,515.500 US $ and following
configuration: n15 ¼ 1, n610 ¼ 1, n78 ¼ 2, and n1113 ¼ 1, with 5
new lines added to base network.
Scenario 4: In this case, the wind farm is installed at bus number
3 [20], which is a load bus. The maximum wind penetration of
450 MW is considered and is 5% of the total load connected.
The optimal solution with wind power penetration has

TLC = 136,000,000 US $, the fuel cost of the thermal generation
units (FC) = 441095.399 US $/h, total wind power utilization cost
as a summation of direct cost, overestimation cost, and underestimation cost (TWC) = 3205.359 US $/h and TC = 136,444,300.758 US
$ with the line configuration: n610 ¼ 1, n78 ¼ 1, n1012 ¼ 1 and
n1416 ¼ 1, with 4 new lines added to the base network.
Scenario 5: In this case, the PEVs are considered as a power
source during peak hours and as load during rest of the hours by
assuming all load buses to be the probable location to install PEVs.
However, the minimum cost is achieved when it is installed at bus
8. The optimal solution with PEVs has TLC = 132,000,000 US $,
FC = 453000.845 US $/h, the energy cost of the PEVs (ECV)
= 10726.099 US $ and TC = 132,463,726.944 US $ with the line configuration: n610 ¼ 1, n1012 ¼ 1 and n1113 ¼ 1, with 3 new lines
added. The impact of PEVs on the load demand curve is shown in
Fig. 8. This figure portrays that during the peak hours the load
demand is reduced and in off-peak hours it is increased due to
the integration of the PEVs. The charging/discharging coordination
graph is presented in Fig. 9.
Scenario 6: The results found with EDRP program has
TLC = 128,000,000 US $, FC = 430834.350 US $/h, CDR = 4515.500
US $, ECV = 5788.283 US $ and TC = 128,441,138.133 US $ with
the line configuration: n610 ¼ 1, n1012 ¼ 1 and n1314 ¼ 1, and 3
new lines added.
Scenario 7: The results found by the GABC algorithm in
this case has TLC = 104,000,000 US $, FC = 435666.742 US $/h,
TWC = 3595.132 US $/h, ECV = 8790.282 US $ and TC =
104,448,052.157 US $ with having network topology: n15 ¼ 1,
n610 ¼ 1, and n1113 ¼ 1, with the addition of 3 new lines to the
base network.
Scenario 8: The results found with the combination of the PEVs,
wind power and EDRP program in this case has TLC =
100,000,000 US $, FC = 425338.630 US $/h, CDR = 4515.500 US $,
TWC = 3574.338 US $/h, ECV = 5808.396 US $ and TC =
100,438,847.709 US $ with the line configuration: n610 ¼ 1,
n1012 ¼ 1 and n1314 ¼ 1 with addition of 3 new lines to the base
network. The cost convergence curves for all the scenarios are
shown in Fig. 10. This curve portrays that the GABC optimization
technique can find the optimal solution within 100 iterations.

Discussion on the results
The results obtained with the GABC optimization algorithm are
compared with the results available in the literature for scenarios 1
and 2 in order to prove its handling capabilities and are displayed

Fig. 7. Cost convergence curves for Brazilian 46-bus and Colombian 93-bus systems for scenario 1.
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Table 9
Data for demand response program.
Load levels

1

2

3

4

5

6

7

8

9

10

% of original load
Duration (h)
Elasticity
SP, US $/MW h
A (incentive), US $/MW h

100
400
0.10
32
16

90
500
0.09
30
0

80
600
0.085
28
0

70
800
0.08
26
0

60
800
0.075
25
0

70
1000
0.08
26
0

60
1000
0.075
25
0

50
1200
0.06
24
0

40
1200
0.05
23
0

30
1260
0.03
22
0

Fig. 8. Load curves with PEVs and demand response programs.

Fig. 9. Coordinated charging/discharging pattern of PEVs for Scenario 5.

in Table 10. As for the other scenarios results have been not
reported in the literature. The major observations inferred from
the studies are discussed below:
Scenario 1 and Scenario 2: For scenario-1, it is observed from
Table 10 that for IEEE system, Brazilian system and Colombian system the GABC optimization technique performs better than other
optimization technique such as CHA [39], CGA [12], DEA [12],
and EGA [57]. For scenario-2, the GABC algorithm yields better
results than the CGA [12], and New DA [50] techniques. However,
the GABC technique can track the results yielded by HSA [15] and
CBGA [51] optimization techniques. The resulting analysis indicates that it is suitable to adopt generation re-dispatch to achieve
less transmission line investment cost. It is also observed from the
results that for scenario-2, the GABC optimization technique has
61% reduction in the total system cost as compared to scenario-1.
Scenario 3: It is observed that with the implementation of EDRP
program, the total cost obtained is found to be lesser than
scenarios-1 and 2. The reduction obtained in total cost with the DR
program is 65% as compared to scenario-1. From the load profile

curves shown in Fig. 8, it is noted that by implementing the DR program, a new load demand for load level-1 gets reduced by 4% of the
original peak demand i.e. 8550 MW. This implies that the DR program reduces the total cost and load demand of the system.
Scenario 4: It is observed that with the integration of wind
power the total cost obtained is lower than scenarios-1 and-2
and has 65% and 10% reduction respectively. This indicates that
the wind power penetration is helpful to minimize the total cost
of the system. However, the transmission line cost obtained is
same as that of the DR program case.
Scenario 5: In this case impact of the PEVs at a particular location is analyzed, and the effect on the total cost of the system is
observed. The total cost obtained is found to be lesser than the
above four scenarios. The integration of PEVs gives 65% reduction
in the total cost as compared to scenario-1. From the load profile
curves (Fig. 8), it is observed that load at the load level-1 gets
reduced by 3.9%. This implies that both reduction in total cost
and load demand of the system can be achieved with the integration of the PEVs to the system.
Scenario 6: In this case the combined effect of PEVs and DR program in the total cost is considered. The results indicate that the
total cost, the fuel cost, the energy cost of the PEVs and the transmission line cost obtained is better than scenarios 1–5 with the
combination of both the factors. The total cost is reduced by 67%
as compared to scenario-1. The reduction in fuel cost is 2% as compared to scenario-4 and the energy cost of the PEVs is reduced by
46% as compared to scenario-5.
Scenario 7: In this case, both PEVs and wind power’s uncertain
nature follower impacts are analyzed in the total cost of the system. The results obtained indicate that the combination of wind
power and PEVs reduces the total system cost, and it is found better than the above six scenarios. The amount of reduction obtained
in the total cost is 73% as compared to scenario-1, in the fuel cost is
1% as compared to scenario-4 and in the energy cost of the PEVs is
18% as compared to scenario-5.
Scenario 8: The effect of PEVs, wind power and DR program on
the total cost is evaluated in this case. The results illustrate that
the total cost obtained is optimal among all other scenarios
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Fig. 10. Cost convergence curves of IEEE 24-bus system for all scenarios.

Table 10
Comparison of the proposed STNEP problem results for scenarios 1 and 2.
Methods

Optimal cost (US
IEEE 24-bus system

B&B [9]
DEA [12]
CGA [12]
HSA [15]
CHA [30]
New DA [50]
CBGA [51]
EGA [57]
GABC

Brazilian 46-bus system

Colombian 93-bus system

Scenario 1

Scenario 2

Scenario 1

Scenario 1

————–
————–
————–
390,000,000
438,000,000
————–
————–
————–
390,000,000

152,000,000
————–
————–
————–
————–
224,000,000
152,000,000
————–
152,000,000

154,420,000
154,420,000
162,598,000
154,420,000
————–
————–
————–
————–
154,420,000

————–
338,740,000
————–
————–
————–
————–
————–
316,440,000
296,454,000

Bold values denote the optimal solution found.

described above. The significant amount of reductions is observed
in the total cost which is 74% in this case as compared to scenario1. The fuel cost is reduced by 3% as compared to scenario-4 and the
reduction in energy cost of vehicles is 45% as compared to
scenario-5. This demonstrates the substantial impact of PEVs, wind
power and DR program on the STNEP problem.
Conclusion
A complex cost model for static TNEP problem with the integration of wind power uncertainty and PEVs along with an incentivebased DR program is demonstrated in this paper. The total system
cost is minimized by applying GABC optimization technique. A
comparative analysis of the costs for the various combinations of
these three factors is also presented. The three standard test systems are adopted to evaluate the robustness of the proposed
method. The following are the main outcomes of all scenarios:
(1) The performance analysis indicates that the adopted GABC
optimization algorithm yields better results than the other
known solutions published in the literature.
(2) The implementation of DR program reduces the total
demand of the system, which results in the reduction of
the total cost of the system. Similarly, with the integration
of wind power, the transmission line investment cost gets
reduced. However, the total cost found with PEVs is better
than the DR program and wind power.

(3) The results obtained with the combination of PEVs and wind
has more impact on the total cost of the system as compared
with the combination of PEVs and DR program. Particularly,
the transmission line investment cost is found to be less.
(4) The performed studies demonstrate that with PEVs, wind
power and DR program, the transmission line investment
cost, the fuel cost of thermal generating units and the energy
cost of the PEVs get reduced, which lowers the total cost of
the system as compared to all other scenarios.
(5) The results obtained with GABC algorithm are competent
and capable to handle the complex static TNEP problem. It
is also observed from the cost convergence curves that the
algorithm is able to find the optimal solution in less number
of iterations.

References
[1] Latorre G, Cruz RD, Areiza M, Villegas A. Classification of publications and
models on transmission expansion planning. IEEE Trans Power Syst 2003;18
(2):938–46.
[2] Hemmati R, Hooshmand RA, Khodabakhshian A. Comprehensive review of
generation and transmission expansion planning. IET Gener Trans Distrib
2013;7(9):955–64.
[3] Wu FF, Zheng, Wen FS. Transmission investment and expansion planning in a
restructured electricity market. Energy 2006;31(6–7):954–66.
[4] Garver LL. Transmission network estimation using linear programming. IEEE
Trans Power Ap Syst PAS-89(7); 1688–97.
[5] Ekwue AO, Cory BJ. Transmission system expansion planning by interactive
methods. IEEE Trans Power Ap Syst 1984;PAS-103(7):1583–91.
www.Matlabi.ir
www.Matlabi.ir

C. Rathore, R. Roy / Electrical Power and Energy Systems 75 (2016) 59–73
[6] Dusonchet YP, El-Abiad AH. Transmission planning using discrete dynamic
optimization. IEEE Trans Power Ap Syst 1973;PAS-92(4):1358–71.
[7] Romero R, Monticelli A. A hierarchical decomposition approach for
transmission network expansion planning. IEEE Trans Power Ap Syst 1994
(9):373–80.
[8] Romero R, Gallego RA, Monticelli A. Transmission expansion planning by
simulated annealing. IEEE Trans Power Ap Syst 1996;11(1):364–9.
[9] Romero R, Asada EN, Carreno E, Rocha C. Constructive heuristic algorithm in a
branch-and-bound applied to transmission network expansion planning. IET
Gener Trans Distrib 2007;1(2):318–23.
[10] Rider MJ, Gracia AV, Romero R. Transmission system expansion planning by a
branch-and-bound algorithm. IET Gener Trans Distrib 2008;2(1):90–9.
[11] Tawfiq Al-Saba, Ibrahim El-Amin. The application of artificial intelligent tools
to the transmission expansion problem. Electr Power Syst Res 2002;62
(2):117–26.
[12] Jin YX, Cheng HZ, Yan JY, Zhang L. New discrete method for particle swarm
optimization and its application in transmission network expansion planning.
Electr Power Syst Res 2007;77(3–4):227–33.
[13] Sum-Im T, Taylor GA, Irving MR, Song YH. Differential evolution algorithm for
static and multistage transmission expansion planning. IET Gener Trans
Distrib 2009;3(4):365–84.
[14] da Rocha MC, Saraiva JT. A discrete evolutionary PSO based approach to the
multiyear transmission expansion planning problem considering demand
uncertainties. Int J Electr Power Energy Syst 2013;45(1):427–42.
[15] Murugan P. Modified particle swarm optimisation with a novel initialisation
for finding optimal solution to the transmission expansion planning problem.
IET Gener Trans Distrib 2012;6(11):1132–42.
[16] Verma A, Panigrahi BK, Bijwe PR. Harmony search algorithm for transmission
network expansion planning. IET Gener Trans Distrib 2010;4(6):663–73.
[17] Kamyab GR, Fotuhi-Firuzabad M, Rashidinejad M. A PSO based approach for
multi-stage transmission expansion planning in electricity markets. Int J Electr
Power Energy Syst 2014;54:91–100.
[18] Shayeghi H, Bagheri A. Dynamic sub-transmission system expansion planning
incorporating distributed generation using hybrid DCGA and LP technique. Int
J Electr Power Energy Syst 2013;48:111–22.
[19] Asadamongkol S, Eua-arporn B. Transmission expansion planning with AC
model based on generalized Benders decomposition. Int J Electr Power Energy
Syst 2013;47:402–7.
[20] Wangdee W, Billinton R. Reliability assessment of bulk electric systems
containing large wind farms. Int J Electr Power Energy Syst 2007;29
(10):759–66.
[21] Moeini-Aghtaie M, Abbaspour A, Fotuhi-Firuzabad M. Incorporating largeScale distant wind farms in probabilistic transmission expansion planning—
Part I: Theory and algorithm. IEEE Trans Power Ap Syst 2012;27(3):1585–93.
[22] Munoz C, Sauma E, Contreras J, Aguado J, de La Toree S. Impact of high wind
power penetration on transmission network expansion planning. IET Gener
Trans Distrib 2012;6(12):1281–91.
[23] Baringo L, Conejo Antonio J. Transmission and wind power investment. IEEE
Trans Power Ap Syst 2012;27(2):885–93.
[24] Gu Y, McCalley JD, Ni M. Coordinating large-scale wind integration and
transmission planning. IEEE Trans Sust Energy 2012;3(4):652–9.
[25] Albadi MH, El-Saadany EF. A summary of demand response in electricity
markets. Electr Power Syst Res 2008;78(1):1989–96.
[26] Chandram K, Subrahmanyam N, Sydulu M. New approach with muller method
for profit based unit commitment. In: Proceedings of the IEEE international
conference power and energy society general meeting-conversion and
delivery of electrical energy in 21st century, PA, Pittsburgh; July 2008. p. 1–8.
[27] Aalami HA, Moghaddam MP, Yousefi GR. Demand response modeling
considering interruptible/curtailable loads and capacity market programs.
Appl Energy 2010;87(1):243–50.
[28] Aalami H, Yousefi GR, Moghadam MP. Demand response model considering
EDRP and TOU programs. In: Proceedings of the IEEE international
transmission and distribution conference and exposition, IL, Chicago; April
2008. p. 1–6.
[29] Parvania M, Fotuhi-Firuzabad M. Demand response scheduling by stochastic
SCUC. IEEE Trans Smart Grid 2010;1(1):89–98.
[30] Bozorg M, Hajipour E, Hosseini SH. Interruptible load contracts
implementation in stochastic security constrained unit commitment. In:
Proceedings of the IEEE international conference probabilistic methods
applied to power systems, Singapore; June 2010. p. 796–81.
[31] Kazerooni AK, Mutale J. Network investment planning for high penetration of
wind energy under demand response program. In: Proceedings of the IEEE

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]
[40]

[41]

[42]

[43]
[44]
[45]

[46]

[47]

[48]

[49]

[50]
[51]

[52]
[53]
[54]
[55]
[56]
[57]
[58]

73

international conference probabilistic methods applied to power systems,
Singapore; June 2010. p. 238–43.
Kazerooni AK, Mutale J. Transmission network planning under a price based
demand response program. In: IEEE transmission and distribution conference
and exposition, (PES); 2010. p. 1–7.
Duvall M, Knipping E. Environmental assessment of plug-in hybrid electric
vehicles. National greenhouse gas emissions, EPRI/NRDC, vol. 1, Palo Alto, CA,
Final Rep 1015325; 2007. p. 1–56.
Yilmaz M, Krein P. Review of the impact of vehicle-to-grid technologies on
distribution systems and utility interfaces. IEEE Trans Power Electron 2011;25
(12):5673–89.
Derakhshandeh SY et al. Coordination of generation scheduling with PEVs
charging in industrial microgrids. IEEE Trans Power Ap Syst 2013;28
(3):3451–61.
Pieltain Fernández L, Gomez San Roman T, Cossent R, Domingo CM, Frías P.
Assessment of the impact of plug-in electric vehicles on distribution networks.
IEEE Trans Power Ap Syst 2011;26(1):206–13.
Yao W, Zhao J, Wen F, Xue Y, Ledwich G. A hierarchical decomposition
approach for coordinated dispatch of plug-in electric vehicles. IEEE Trans
Power Ap Syst 2011;28(3):2768–78.
Zhao J, Wen F, Dong Z, Xue Y, Wong K. Optimal dispatch of electric vehicles and
wind power using enhanced particle swarm optimization. IEEE Trans Ind
Inform 2012;8(4):889–99.
Saber AY, Venayagamoorthy GK. Intelligent unit commitment with vehicle-togrid—a cost-emission optimization. J Power Sources 2010;195(3):898–911.
Vlachogiannis JG. Probabilistic constrained load flow considering integration
of wind power generation and electric vehicles. IEEE Trans Power Ap Syst
2009;24(4):1808–17.
Luo Z, Hu Z, Song Y, Xu Z, Lu H. Optimal coordination of plug-in electric
vehicles in power grids with cost-benefit analysis—Part I: Enabling techniques
2013; 28(4): 3546–55.
Hu W, Su C, Chen Z, Bak-Jensen B. Optimal operation of plug-in electric
vehicles in power systems with high wind power penetrations. IEEE Trans Sust
Energy 2013;4(3):577–85.
Gao W, Liu S, Huang L. A global best artificial bee colony algorithm for global
optimization. J Comput Appl Math 2012;236(11):2741–53.
Zhu G, Kwong S. Gbest-guided artificial bee colony algorithm for numerical
function optimization. Appl Math Comput 2010;217(7):3166–73.
Jadhav HT, Roy R. Gbest guided artificial bee colony algorithm for
environmental/economic dispatch considering wind power. Exp Syst Appl
2013;40(16):6385–99.
Govardhan M, Roy R. Evolutionary computation based unit commitment using
hybrid priority list approach. In: Proceedings of the IEEE international
conference power and energy, Kota, Kinabalu; December 2012. p. 245–50.
Garg NK, Jadon SS, Sharma H, Palwalia DK. Gbest-artificial bee colony algorithm
to solve load flow problem. In: Proceedings of the third international conference
on soft computing for problem solving. India: Springer; 2014. p. 529–38.
Basturk B, Karaboga D. A powerful and efficient algorithm for numerical
function optimization: artificial bee colony (ABC) algorithm. J Glob Optim
2007;39(3):459–71.
Romero R, Rocha C, Mantovani JRS, Sanchez IG. Constructive heuristic
algorithm for the DC model in network transmission expansion planning.
IET Gener Trans Distrib 2005;152(2):277–82.
Fang R, Hill DJ. A new strategy for transmission expansion in competitive
electricity markets. IEEE Trans Power Ap Syst 2003;18(1):374–80.
Silva IJ, Rider MJ, Romero R, Garcia AV, Murari CA. Transmission network
expansion planning with security constraints. IET Gener Trans Distrib
2005;152(6):828–36.
Basu M. Economic environmental dispatch using multi-objective differential
evolution. Appl Soft Comput 2011;11(2):2845–53.
Hetzer J, Yu David C, Bhattarai K. An economic dispatch model incorporating
wind power. IEEE Trans Energy Convers 2008;23(2):603–11.
Lun Isaac YF, Lam Joseph C. A study of Weibull parameters using long-term
wind observations. Renew Energy 2000;20(2):145–53.
Kirschen DS, Strbac G. Fundamentals of power system economics. Wiley; 2004.
Kirschen DS, Strbac G, Cumperayot P, Mendes D. Factoring the elasticity of
demand in electricity prices. IEEE Trans Power Ap Syst 2000;15(2):612–7.
Escobar AH, Gallego RA, Romero R. Multistage and coordinated planning of the
expansion of transmission systems. IEEE Trans Power Syst 2004;19(2):735–44.
Christopher Columbus C, Simon SP. Profit base d unit commitment: a parallel
ABC approach using a workstation cluster. Comput Electr Eng 2012;38
(3):724–45.

www.Matlabi.ir
www.Matlabi.ir

