Sustainable Energy and Artificial Intelligence 1(1) (2025) 1-12 DOI: 10.61186/seai.2411-1022

VJW

Hamedan
University of Technology

Iranian Association of
Electrical and Electronics Engineers

Sustainable Energy and Artificial Intelligence

Journal Homepage: www.enai.hut.ac.ir

Online ISSN: 3060-8015

Location of Distributed Wind Energy with Consideration Capacity Credit Using
the Monte-Carlo Method for Probabilities Evaluation of Wind

Mohammad Ali Arash?

, Mohammad Khakroei!

, Ashkan Mirzaei Rajeooni®”

L MAPNA Electric & Control Engineering & Manufacturing Company (MECO), Alborz, Iran
2MAPNA Generator Engineering and Manufacturing Company (PARS), Alborz, Iran
* Corresponding Author: Mirzaei@mapnagenerator.com

Article Info

Abstract

Article type:
Original Article

Article history:
Received 2024-11-17;
Revised 2024-12-03;
Accepted 2024-12-08.

How to cite this article:

Arash, M., Khakroei, M. and
Mirzaei Rajeooni, A. (2025).
Location of Distributed Wind
Energy with Consideration Capacity
Credit Using the Monte-Carlo
Method for Probabilities Evaluation
of Wind. Sustainable Energy and
Artificial Intelligence, 1(1), 1-12.
DOI: 10.61186/seai.2411-1022

Significant advances have been made in electrical energy distribution networks in recent
years. Distributed Generation (DG) technology is rapidly advancing, particularly in
response to the needs of sensitive loads in the network that demand high reliability. This
paper explores using distributed generation sources to increase capacity credit (CC) in
Electrical energy distribution. This article focused on studying wind sources. The issue
of planning DG in the distribution network is represented as a non-linear optimization
problem. The goal is to make wind power more reliable, reduce losses, and improve
capacity credit. The problem model includes the network's and DG's technical and
economic constraints. Two methods, Monte Carlo and k-means, have been used to model
uncertainties in network load and wind power generation during the planning process.
The cut-set is used to assess the network's reliability. The IEEE 33-bus distribution
network was studied using the teaching learning-based optimization algorithm in two
scenarios to improve response efficiency. The article found that DG can provide up to
33% of the network load in capacity credit.
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1. Introduction

performance [1-4].
Some studies have looked into the network's

Research on distributed generation (DGs) and their
role in distribution networks involves developing
methods for planning DG sources while taking into
account different goals and limitations. Proper
planning is required for the integration of variable
renewable energy sources into distribution
networks to ensure reliable operation and achieve
techno-economic goals such as reducing losses,
enhancing reliability, increasing capacity credit,
and so on. In most studies, distributed generation
systems use a combination of energy sources for

capacity credit with wind turbines and battery-
based energy storage. According to the articles,
relying solely on wind turbines cannot improve
reliability in the network, and using them
excessively can decrease network reliability due to
potential mismatches. Therefore, these articles
suggest using a battery-based storage system
alongside wind turbines. Also, the proposed
system's capacity credit has been evaluated using
effective load-carrying capacity (ELCC) [5-10].
However, increasing battery storage capacity will
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be ineffective without expanding renewable
generation capacity [11].

Some studies measure the capacity credit of
solar cells and/or wind turbines for supplying the
same generation capacity needed to meet the load
[12]. A wind turbine provides better conditions
than a solar cell. This is particularly important
when the load peaks at night and solar power is at
its lowest [6,13].

The impact of utilizing farms with high capacity
on reliability and validity indicators has been a
topic of discussion in numerous articles. Studies
have shown that wind farms with larger generation
capacities have higher validity in their capacity [7-
9,14].

There are also articles available regarding
demand response (DR) and its impact on the
network's  capacity credit. Studies have
demonstrated that load response plans can enhance
the system's capacity credit. Demand response not
only alters the load profile but, also impacts the
system's reliability. Therefore, implementing
demand response can potentially modify the
system's capacity credit. These references
demonstrate that the utilization of DR can enhance
the system's capacity credit when DG is present
[15-17].

In a study conducted by [18], the authors
focused on identifying optimal locations for
capacitor banks to enhance voltage stability and
minimize losses in distribution networks with
scattered wind power generation. This reference
highlights the impact of dispersed wind generation
sources, which introduce uncertainty in output
power. It suggests that power and voltage
fluctuations are a direct result of this uncertainty,
and proposes that the installation of capacitor
banks can help improve network stability.

In [19], a discussion on the significance of
reactive power compensation in the distribution
network, VVVSN Murty et al. emphasized the
integrated control of under load tap changer,
dispersed sources, and distribution network
consolidation for effective reactive power control.

In [20], using a Decomposition-based Multi-
Objective Evolutionary algorithm (MOEA/D)
improves 30-bus and 69-bus distribution networks
by reducing Energy Not Supplied (ENS), which
leads to reduced energy losses and voltage drop.It
also shows that battery storage and distributed
generation can improve grid reliability and reduce
costs by reactive power compensation.

In [21], K Muthukumar et al. have highlighted
the reduction in loss in distribution networks as the
primary focus. They have implemented a triple
response approach involving distributed generation

sources, capacitor banks, and distribution network
reorganization to achieve this goal.

In order to minimize losses in the electrical
energy distribution network, [22] has located and
planned solar and wind sources in the network.
They have also utilized the particle swarm
optimization (PSO) algorithm to effectively solve
the optimization problem. Furthermore, research
has also been carried out on the impact of economic
conditions on the penetration of distribution
networks and the restructuring of these networks
[23-26]. It is shown in [27], although the three
algorithms find almost similar optimal solutions,
TLBO exhibits better convergence speed than PSO
and Genetic Algorithm (GA).

Recent advancements in the development and
improvement of wind turbine nominal capacity,
such as Siemens Technology's 15 MW turbines, are
leading to an increased utilization of this
equipment in distribution networks. This article
demonstrates that by strategically placing wind
towers within the distribution network, significant
enhancements in network capacity credit can be
achieved. To achieve this goal, the first step is to
frame the issue of planning wind DG as an
optimization problem. The objective function is
aimed at reducing losses, improving reliability, and
increasing capacity credit. The cut set is
instrumental in determining the system's reliability.
The cut set relies on splitting the distribution
network into two sections and assessing the
reliability in each of these scenarios. The teaching-
learning-based optimization (TLBO) algorithm
will be utilized to address the optimization issue.
This algorithm has the benefit of requiring only a
few adjustable parameters while still maintaining a
high level of accuracy and speed. A study was
conducted on the IEEE 33-bus distribution network
to demonstrate the effectiveness of the proposed
response.

2. The Reliability of Distributed Generation
and Teaching Algorithm

A system's reliability is determined by its capacity
to execute designated tasks accurately and as
scheduled within specific conditions over a given
time frame. In this article, the reliability is
calculated using the first-order cut-set.

In the TLBO algorithm, there is no visible
separation between the teacher and the student. It
is assumed that a group of individuals have
assembled to acquire knowledge. Meanwhile, the
individual with a greater understanding than the
rest takes on the position of educator. Using this
comparison, it makes sense to choose the student
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who has the highest score in the subject to be the
teacher, as they will strive to bring the rest of the
class up to their level. Of course, it is unrealistic to
expect all students in the class to achieve the same
score as the teacher, as not every student will fully
grasp the lesson. As a result, the class average is
raised to a higher level than it was previously.
Every time the iteration occurs, a student
outperforms the teacher's score and replaces the
teacher in the top spot, which is a continuous cycle.
The training or teacher stage in the TLBO
algorithm is commonly referred to as this process.
Teaching in a class is not solely dependent on the
teacher's efforts; students also have the opportunity
to learn from one another. This collaborative
learning process is known as the student stage. Fig.
1 shows the diagram of the TLBO algorithm [28].

Start )

[ Initialize number of population ]

[ Compute the mean of each design variable ]17

Determine the teacher ( best solution ) ]

Change solution based on best solution
Xnew = Xi + Rand(0,1) x (Xieacher - TF-Xmean,
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: existing? -

e
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Fig. 1. Flowchart of the teaching-learning-based
optimization (TLBO) algorithm [28]

2-1. Student Part

Two students, one with an X; score and the other
with a Xi score, are currently at different levels of
knowledge. X; wants to learn from Xi. The new
score for the jth student can be expressed as a
completely linear equation in this scenario. In the
TLBO algorithm, the increase in a student j score

is not modeled as a line. By using a random
coefficient like rand, the training step becomes
unpredictable. In this instance, it may be stated:

Xpe =X + (X, - X;) (1)
ynew _ {X,- +rand x (X; — X;) if X;>X; @

! Xj+rand x (X; — X;) if X;>X;

J student's score will also show improvement if

i student's score is higher than student j. Otherwise,
student J actively avoids student i and diverts from
their educational journey. Rand is a randomly
generated number that falls within the range of 0 to
1 and follows a uniform distribution. The learning
algorithm in the TLBO algorithm is often referred
to as the student's algorithm [29].

2-2. Teacher Part

The T or X training program, also known as the
teacher stage or training stage, helps move the
average population and bring it closer to himself.
T = Teacher = My,,,
new _ vy, F(Xj_Xi)}
X Xit {F’( Xi—Xj) @3)
XM = X; + 7 (Mpey — TF X M)
T: The best member of the crowd
Xi"™": New response
Xi: Old response
M: Current average
TF: Teaching factor
In this algorithm, the movement from Mpew t0
M is applied to all members, which again adds a
random value to M to improve the response [29].

3. Mathematical Model of the Proposed
Algorithm

The references have indicated several ways to
confirm the reliability of distributed generation
systems, such as loss of load expectation (LOLE)
and loss of energy expectation (LOEE) or expected
energy not supplied (EENS). Additionally, factors
like loss of power supply probability (LPSP),
equivalent loss factor (ELF), and capacity credit
(CC) are also important indicators. The above
indicators are defined by the following equations

[5]: y
LOLE = Z E[LOL(t)] 4

t=1
Equation (4) gives the mathematical
representation of E [LOL (t)], the LOLE in the t
time step. This can be further described using
Equation (5).
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E[LOL] = Z T, X P (5)

The duration of load loss in case of being in the
state of S is denoted by Ts, while Ps represents the
probability of being in this state. S represents the
full range of potential states that the system can
exhibit.

N
LOEE = EENS = Z E[LOE(t)] (6)
t=1
Equation (6) defines E [LOE (t)] as the
mathematical LOLE at the t interval, and this can
be expressed using Equation (7).

EILOE] = ) Q. xP, 0
SES

Qs Represents the amount of load lost in state S,
measured in kilowatt-hours. Equation (8) displays
LPSP.

LPSP = _LOEE (8)
. D@

Equation (8) assumes that D (t) is equivalent to
the load demand (kWh) at the t time step. Equation
(9) provides a definition for ELF.

15700
“NLD(@ ©)

SES

The CC focuses on assessing whether the
current power system is able to meet the load
demands in case some units are forced to shut down
due to mechanical issues, weather changes, etc.
This investigation is carried out under this specific
topic. The CC is a measure of the power system's
ability to withstand generation issues without
compromising reliability. This capability can be
examined from two perspectives: the enhancement
of load capacity without compromising system
reliability and the decrease in generation capacity
with no impact on system reliability. CC is the
defined capacity change. ELCC is the first case,
while the second case is the force outage rate
(FOR). The ELCC is computationally
demonstrated by Equations (10) and (11). Also,
Fig. 2 illustrates the Effective Load Carrying
Capability concept [5].

N

LOLE = Z E[Load + Z AL] (10)
i=1
AL
Capacity Credit = ZT (11)

Load changes are represented by AL, and C
represents the capacity of the system. The load
change is determined so that the LOLE remains
constant. In this case, the CC of the system can be
determined.

The researched distribution network consists of
the IEEE 33-bus, which is linked to the upstream
network via the first bus (as shown in Fig. 3) and

feds from one end. In the peak state of the
distribution network being studied, the total active
load is 2300 kW and the total reactive load is
1800kvar. Table 1 indicates that the network
voltage level is 12.66kV. Below, are explained
these constraints [30].

b

Reliability

ELCC

—-
-
e
-
——
-
o e
-

Peak Load [MW]
Fig. 2. Concept of effective load carrying capability
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Fig. 3. IEEE 33-bus network

3-1. Active Power Distribution

Based on Equation (12), the power generated
equals the aggregate of the total demand and loss.
Here is an example of an equation that can be
defined as [25,30]:

P;(v,6) = Pg; + Pp; = 0

N
Pw,8) = V1 Y [V |I¥y] cos(@i— 6= 0)  (12)
j=1
Yij = Y140y
3-2. Reactive Power Distribution

As per Equation (13), the reactive power generated
equals the combined total of demand and loss
[25,30].

Qi(v,8) = Qg +Qp; =0

N
Qw.8) =V ) [W|[¥y|sin(6,— - 0))  (13)
j=1

Y = 1Y;1£9;;
where L is loss, G is generation, and D is demand.
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Table 1. Network data [30]

Sending Receiving R X PL QL
bus bus (Ohm) (ohm) (kW) (kVAR)
1 2 0.0922 0.0470 100 60
2 3 0.4930 0.2511 90 40
3 4 0.3660 0.1864 120 80
4 5 0.3811 0.1941 60 30
5 6 0.8190 0.7070 60 20
6 7 0.1872 0.6188 200 100
7 8 0.7114 0.2351 200 100
8 9 1.0300 0.7400 60 20
9 10 1.0440 0.7400 60 20
10 11 0.1966 0.0650 45 30
11 12 0.3744 0.1238 60 35
12 13 1.4680 1.1550 60 35
13 14 0.5416 0.7129 120 80
14 15 0.5910 0.5260 60 10
15 16 0.7463 0.5450 60 20
16 17 1.2890 1.7210 60 20
17 18 0.7320 0.5740 90 40
18 19 0.1640 0.1565 90 40
19 20 15042 1.3554 90 40
20 21 0.4095 0.4784 90 40
21 22 0.7089 0.9373 90 40
22 23 0.4512 0.3083 90 50
23 24 0.8980 0.7091 420 200
24 25 0.8960 0.7011 420 200
25 26 0.2030 0.1034 60 25
26 27 0.2842 0.1447 60 25
27 28 1.0590 0.9337 60 20
28 29 0.8042 0.7006 120 70
29 30 0.5075 0.2585 200 600
30 31 0.9744 0.9630 150 70
31 32 0.3105 0.3619 210 100
32 33 0.3410 0.5302 60 40

3-3. Active and Reactive Power Balance in the
Network

The standard specifies that the maximum active
power allowed is 2300kW, while the maximum
reactive power permitted is 1800kVar. Based on
the information provided, the total generation with
loss and use equals zero [25,30].

Ng Np
ZPLZ_ZPDL_PL=O
i=1 i=1
Ng Np
D 0= 0~ 0 =0
i=1 i=1

3-4. Bus Voltage

(14)

The network voltage is 12.66kV, with V;
representing the bus i voltage. Vmin and Vmax refer
to the lowest and highest voltage ranges of the bus.
Therefore, the maximum voltage passing through
feeder j is restricted t0 Vmax [1,25].

Vmin < VL < Vmax (15)
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3-5. Occupied Capacity of the Feeder

A set of 33 buses in the secondary has a maximum
thermal capacity of 16, while in the primary
feeders, it is 6.6 megavolt amps. Therefore, the
maximum power that can pass through feeder j is

Fmax-

|Fj| < Fnax (16)

3-6. Maximum Number of Distributed Sources
in Each Bus of the Micro-Network

Where the total humber of dispersed sources
used in the network, Ngg, is limited to Ngg max.
NDG < ngmax (17)

3-7. Maximum Capacity of Dispersed
Generation Source

Therefore, the maximum capacity of distributed
sources in the distribution network is restricted to
Cdgmax-

Cdg < Cdgmax (18)

Equation (19) represents the objective function.
This term consists of three goals. The primary goal
is to decrease ENS within the network. The ENS
refers to the load on the shared side that is unable
to receive power due to outages and malfunctions
in the power system. The second goal is to
minimize losses within the distribution network.
The third objective function represents the cost of
scattered wind power sources [31].

Npus
MinF = C, Z ENS;

i=1

Npranch (19)
+C, R; X |I|? —C4
X ELCC
To maintain the highest reliability of the
distribution network while incorporating DG, the
CC is determined as the maximum load increase
possible  without  compromising  network
reliability. The function is defined in a way that
minimizes the network ENS and loss, and
maximizes the CC. This decision is made to reach
the maximum potential of the CC. As per the above
statement, the loss and ENS are denoted with a
positive sign in the formula of the objective
function, while the value of the CC is denoted with
a negative sign.

4. Confirmation of Capacity Credit of Wind
Sources in the Distribution Network

The CC of DG in the distribution network is the
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maximum load that can be integrated with the
existing base load without compromising the
reliability of the network when dispersed wind
generation sources are added. This ensures that the
network remains reliable even with the addition of
wind sources, in comparison to the primary
network. Fig. 4 displays the verification of the CC
for distributed wind generation sources within the
distribution network. First, the distribution
network is simulated for this purpose, followed by
modeling the uncertainty of wind sources and
network load based on the described method.
Second, the reliability index of the distribution
network is determined without taking into account
wind sources but rather focusing solely on the
uncertainties related to the network load. In the
next stage, the reliability index of the distribution
network is then assessed by considering the
uncertainties arising from dispersed wind
generation sources. As per the CC's definition of
wind sources, the distribution network load is
incrementally increased to assess the impact on
reliability. The reliability index is then compared
between scenarios with and without wind sources
at each step of increased network load.

An increase in network load was reported, with
the network reliability index remaining the same
when wind sources and the primary network, were
both present. The ENS of the network serves as the
reliability index discussed in this article, and its

verification process is explained in the following
section.

5. Modeling and Problem - Solving
5-1. Modeling the Output Power of Wind
Turbines

The hourly power output of the wind turbine can be
determined by analyzing the average wind speed at
the turbine tower's height and the specific features
of the turbine. Hence, it is essential to first
determine the average wind velocity at the height
of the wind turbine tower before proceeding to
calculate its output power. Equation (20) can be
used to calculate the wind speed at any given height
by utilizing the wind speed measured at a certain
height [2].
Vi h, a
v (h_1) (20)
The parameter v, in Equation (20) represents
the wind velocity at height h,, while v; is the
velocity measured at the reference height h1. In this
article, the coefficient of friction o is considered
with the value of 25. The Weibull probability
distribution function is employed to represent the
variability resulting from changes in wind speed.
The wind speed is calculated and once that is done,
Equation (21) can be used to determine the output
power of the wind generator [1,2].

0 V< cht—in: V> cht—in

P, V3,
Py V3< r )—P( cut—in )
VT3 - Vca;tt—in ' VT3 - Vc3ut—in

P,
) Evaluation of
Primary
network
network T
" reliability in the
reliability
;| Presence of
assessmen wind Increase the
Model of L ¢ load
distribution network -
Comparison of
E:> reliabilty indices No
nMEdleI;ng i Does reliabilty deteriorated in the
unceranty an presence of resource?
network load ¢

CAPACITY CREDIT
concerning of wind sources

Fig. 4. Process of confirming capacity credit of
dispersed wind generation sources

The wind speed per hour is represented by V in
Equation (21), while P, represents the rated power
of the generator. The connection velocity, rated
velocity, and cut-off velocity of the wind turbine

cht—in sV (21)

Vrated SV < cht—in

are Veuin, Viaed, and Veueou, respectively. The
output power diagram of a typical wind turbine is
shown in Fig. 5.

A

: 4 b
Veutdin Vrated Veut-out v

Fig. 5. Process of confirming capacity credit of
dispersed wind generation sources

5-2. Load Modeling

Modeling the uncertainty of the network load
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involves using a probabilistic method that relies on
the normal distribution function. The mean value is
100% while the standard deviation is 10%.

5-3. Studied Network

The IEEE 33-bus network has been analyzed,
featuring a total load of 2300kW active and
1800kVAR reactive power being supplied from
one direction. The network operates at a voltage
level of 12.66kV, with detailed specifications
available in Table 2. Additionally, Fig. 3 displays
the single-line diagram for the network.

5-3-1. Initial Evaluation of the Network
Fig. 6 displays the voltage curve in order to assess

the distribution network, while Fig. 7 illustrates the
power profile for each feeder.
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Fig. 7. Voltage curve of the studied distribution
network

Table 2 outlines the specific segmentation of the
network into smaller components. Each segment is
equipped with different equipment from Table 3
and has specific load characteristics outlined in
Table 4. Table 5 provides information on the
probability of equipment failure and the
corresponding rates for repairs.

Table 2. Segmentation of the studied network

Unit No. Bus bars related to the unit
1 22-21-20-19
2 1to 18
3 25-24-23
4 26 to 33

Table 3. Information of equipment connected to

each part

Section

No.

Components of the
first section

Components of
the second section

2 bus bars (bus 1-2)
1 Circuit breaker

2 cables (the cable
connecting the
substation to bus bar
no 1 and the cable
connecting bus bar
(1) & bus bar (2)

1 Circuit breaker
1 Cable (cable at
the beginning of
the line)

1 Bus bar (bus bar
at the beginning
of the line)

1 Cable (cable
connecting substation
and first bus bar)
Circuit breaker
Substation

1 Circuit breaker
1 Cable (cable at
the beginning of
the line)

1 Bus bar (bus bar
at the beginning
of the line)

3 bus bars (buses
one, two and three)
four cables (cables
connecting the
substation and the
first bus, the first bus
to the second bus, the
second bus to the
third and the third
bus to the twenty-
third bus)

the circuit breaker of
the Substation

1 Circuit breaker
1 Cable (cable at
the beginning of
the line)

1 Bus bar (bus bar
at the beginning
of the line)

6 bus bars (first to
sixth bus bars)

7 cables (cables from
the Substation to the
26th bus)

circuit breaker
substations

1 Circuit breaker
1 Cable (cable at
the beginning of
the line)

1 Bus bar (bus bar
at the beginning
of the line)

Table 4. Information of equipments connected to
each section

. The number of Load
Section . .
No consumers in each consumption
' section (MW)
1 800 36
2 3000 605.1
3 600 93
4 1500 92




Arash and et al.: Location of Distributed Wind Energy with Consideration Capacity Credit ... 8

Table 5. Failure rate and repair time of system

components
Repair Rates  Failure Rates% Equipment
10 0.002 Circuit breaker
10 0.05 bus bar
10 0.06 Cable
10 0.001 Substation

5-3-2. Uncertainty Modeling

This article considers two uncertainties. There are
two main uncertainties associated with wind
turbines: the uncertainty of the load and the
uncertainty of the output power.

The wind speed uncertainty has been modeled
using the Weibull distribution function, with shape
and scale parameters set at 2 and 7, respectively
[32]. The normal distribution function changes the
network load by adjusting the mean and standard
deviation to 100% and 10%, respectively. Finally,
The Monte Carlo method is used to take 1000
samples from each probability distribution
function. Next, the data matrix is created and the k-
means method is utilized to simplify the scenario.
The wind turbine was deemed to have a nominal
capacity of 1 MW. The results of this modeling are
shown in Table 6. This article examines two ways
to plan dispersed wind generation sources. The first
method: According to ENS, the discussion in this
section focuses on planning dispersed wind
generation sources to decrease loss and enhance
reliability. All the considerations mentioned above
have been taken into account for the oximization
process. Additionally, the settings of the TLBO
algorithm have been implemented in the algorithm.

Table 6. Results of modeling the uncertainties of
wind sources and load

Wind turbine output

load power (1MW) Possibility
0.999938679 0.680968731 0.157
1.000851845 0.237879369 0.228
1.001851094 0.025804531 0.272
0.992901941 0.445224207 0.217
0.9915612 0.957973492 0.126

Fig. 8 displays the objective function's
enhancement process. In Table 7, the optimal
response, location, and capacity for installing
distributed sources are displayed. Fig. 8 shows a
notable decrease in the value of the objective
function. Table 8 displays the network's loss and
ENS values in both optimal and normal states,
along with the objective function sentences. ENS
reported an increase in the network’s reliability of
42% and a 40% decrease in network loss.

Cost function
1
w
o
—

5 10 15 20 25 30 35 40
iteration

Fig. 8. Improvement process of the objective
function

Table 7. Styles Optimum location and capacity for
installing distributed wind generation sources
location Wind turbine output power (1MW)

21 0.391569999
8 1.572508512
24 0.975649865
30 0.960358298

Table 8. Comparison of network performance in
optimum and normal states
Description normal optimum
Annual energy loss (MWh) 1826 1162

Amount of unsupplied
annual energy (Mwh)  49E*6  088+E6

Fig. 9 displays the bus voltage, while Fig. 10
depicts the power passing through the distribution
network feeders in both the optimum and normal
states when considering uncertainty modeling in
scenario 1. The network bus voltage curve
indicates a better network bus voltage than the
standard state. Additionally, there has been a
notable decrease in the amount of power flowing
through the network feeders. DG in the distribution
network allows for power to be supplied directly to
the point of consumption, reducing the need to
inject power into the network from upstream. In
addition, voltage drop has been minimized, leading
to a reduced voltage deviation of the network's
buses from the standard value.

Second method: The planning of wind sources
in the distribution network is being discussed to
enhance the CC of dispersed wind generation
sources. As outlined in section (5), the uncertainty
of wind sources and network load is modeled in a
closed loop to assess the reliability of the
distribution network as the base load continues to
rise. The comparison is made between the
distribution network's reliability with and without
the presence of wind sources. The objective
function was confirmed as equalizing the reliability
of the network in two states when the load increase
occurred. The TLBO algorithm was used to reduce
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capacity credit, thus maximizing it.
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Fig. 9. Improvement process of the objective
function
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Fig. 10. Power profile of the feeders of the
distribution network in the first case of 5
uncertainties

Fig. 11 illustrates the progress of the objective
function enhancement. Table 9 displays the
optimal installation location and capacity for
distributed wind generation sources in the
distribution network, with a calculated CC of 0.33
compared to the base network value of 3.34. Table
10 illustrates the comparison between the
distribution network's performance in the optimum
state under scenario 2 and its performance in the
normal state. The distribution network's
performance has improved significantly under this
scenario where the goal was to maximize the CC of
the dispersed wind generation sources. This
improvement is evident in the reduction of initial
state losses. Nevertheless, the goal of this scenario
did not include reducing losses. While the main
goal of this situation was to increase the CC of
dispersed wind generation sources, there has been
a notable enhancement in reliability with the
integration of wind sources, as indicated by ENS.
Fig. 12 and Fig. 13 display the bus voltage and
power flowing through the distribution network

feeders in both optimal and normal conditions for
the initial state of the five potential states used to
simulate uncertainties. The utilization of the
distribution network with DG present appears to be
optimal, even when planned with the objective of
enhancing the CC.
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Fig. 11. Process of improving the objective function
under method 2

Table 9. Optimum location and capacity for
installing distributed wind generation sources

Location Wind turbine output power (1MW)

20 11
18 0
23 1.2847
26 1.3322

Table 10. Comparison of the network performance
in optimum and normal states under the second

scenario
Network performance Normal Optimum
Annual energy loss 1826 1715

(MWh)
Amount of unsupplied

annual energy (Mwhy ~ 49E108  3:53E+05
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Fig. 12. Voltage curve of distribution network buses
in optimum and normal states in the first state of 5
uncertainty modes
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Fig. 13. Power profile of the feeders of the
distribution network in the third state of the 5
uncertainty states

6. Conclusion

The TLBO algorithm is implemented in this study
to obtain the desired outcome. This algorithm
makes it easier to find the answer by using fewer
parameters compared to other algorithms, along
with two extra parameters for exploitation and
exploration. Using the TLBO algorithm, an attempt
was made to plan distributed generation sources in
the distribution network with respect to capacity
credit.

ENS has reported an increase of about 40% in
the reliability of capacity credit when dispersed
wind generation sources are present in the
distribution network. Capacity credit was
calculated by accessing the initial sources and then
considering ELCC as one of the main parameters
related to reliability in the network. The study
found that distributed wind generation sources in
the distribution network have a capacity credit of
33% of the base load, showing their significant
contribution. This article demonstrates that
incorporating dispersion of wind generation
sources in the distribution network, without the
addition of storage sources like solar cells, plays a
crucial role in enhancing the network's reliability
and boosting its CC.
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