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Many expect wind energy to continue increasing due to falling capital costs, market scalability, and its
low environmental impact. As more wind turbine generators are connected to utility systems, it is
becoming more important to study the impact of wind turbine generators (WTGs) on power system oper-
ations. Wind generation system will affect not only the economic operation of a power system but also
the bus voltage and transmission losses due to different locations of wind generation system. Optimal
power flow (OPF) program is a useful tool for power system operation and planning. This study proposes
an Evolutionary Particle Swarm Optimization (EPSO) approach for the optimal power flow problem. The
proposed model considers up-spinning reserves, down-spinning reserves and the operational constraints
of the generation unit. The effects of wind generation on power system operation and planning are inves-
tigated. This study uses the load and unit data of a modified IEEE 30 bus power system to test the cor-
rective of the new method. The OPF results in this study satisfy the operational requirements of a
wind-thermal power system. This study also applies the developed OPF program to estimate the effects
of wind generation on power system operation and the planning. Experiment results show that the devel-
oped OPF program is a useful tool for wind-thermal power system operation and the planning. The results
of this study can serve as a reference for wind-thermal power system operation and the planning.

� 2013 Elsevier Ltd. All rights reserved.
1. Introduction

As more wind turbine generators are connected to utility sys-
tems, it is becoming more important to study the impact of wind
turbine generators (WTGs) on system operations. A power system
with wind turbine generators (WTGs) must consider two spinning
reserves in the generation scheduling problem. The up spinning re-
serve (USR) is the reserve capacity for a sudden load increase,
unpredictable fall in wind turbine generator power output, or
forced outage of thermal generators. It is closely related to, and
nearly proportional to, the output of the wind generation system
(WGS). The down spinning reserve (DSR) is the reserve capacity
designed for sudden load decreases and unpredictable increases
in wind turbine generator power output. It is designed to compen-
sate for possible fluctuation in wind generation system power
output. The thermal generation units might turn on and turn off
frequently if the down reserve is not considered in the power
system operation.

Wind generation system will affect not only the economic oper-
ation of a power system but also the bus voltage and transmission
losses due to different locations of wind generation system. For the
reason of maintaining the energy efficiency of power system oper-
ation, both the effects of wind generation on power system eco-
nomic operations and the effects of wind generation on bus
voltage and transmission losses should be studied. Optimal power
flow (OPF) is one of the most important topics in power system
operations that including economic operation and power flow
analysis.

An optimal power flow (OPF) solution adjusts the network set-
tings of a power system to achieve objective functions and meet
the requirements of equipment operation constraints, power flow
equations, and power system security. The objective function of an
OPF program is to minimize the fuel costs of a power system. Thus,
the solution parameters include the real power output of generators,
transformer taps, and capacitor bank taps. OPF is a complex problem
that includes economic dispatch and power flow solutions[1–4].
Researchers have developed many mathematical methods for OPF
solving, including linear programming, sequential quadratic
programming, the generalized reduced gradient method, and the
Newton method. These methods are good in convergence, and many
power companies use them. However, these mathematical
methods also have several drawbacks: (1) the objective functions
and constraints must be continuity, convexity, and differentiability;
(2) the chances of falling into a local optimum are high; (3)
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changing the objective functions and constraints requires large
changes [5].

Recently, with the emergence of artificial and computational
intelligence technologies, such as neural network, genetic algo-
rithm, and evolutionary programming, have also been applied to
deal with the OPF problem. The authors of [6] describe an
initialization procedure in solving optimal power flow by genetic
algorithm (GA). Simulation results show that the proposed initial-
ization procedure improves the performance of the whole GA-OPF
procedure. Another study [7] presents a hybrid neural-network
and genetic algorithm (GAANN) technical for solving OPF with
voltage security constraint. Artificial neural networks are
employed to learn in an offline mode. Genetic algorithm (GA) is
employed as the optimization tool. Simulation results indicate
that the proposed GAANN is capable of performing OPF calcula-
tion with much less time and the results are quite accurate com-
paring to the conventional GA-OPF method. The authors of [8]
formulated transient stability-constrained into optimal power
flow problem. Other studies [9–14] developed a novel PSO ap-
proach to solve an optimal power flow problem with embedded
security constraints and transient stability constraints. Case stud-
ies show that PSO is useful as an alternative to solve the challeng-
ing OPF problem. Another study [15] proposed an efficient parallel
GA for the solution of large-scale OPF with consideration of
practical generators constraints. Results show that the proposed
method is able to provide satisfactory performance, and obtains
the solution with high accuracy. The authors of [16] reported a
multi-objective harmony search algorithm for optimal power flow
problem. Computational results indicate that the proposed meth-
od is not only able to ensure the operating constraints of the
system, but also determine a lower fuel cost solution compared
with other reported results in the literature. The authors of [17]
describe a modified honey bee mating optimization to solve Dy-
namic optimal power flow. In [18], a new evolutionary optimiza-
tion algorithm for optimal power flow in a power system
involving unified power flow controller is proposed. The authors
of [19] reported a hybrid particle swarm optimization and simu-
lated annealing for Dynamic optimal power flow solution. A
new hybrid algorithm for optimal power flow considering prohib-
ited zones and valve point effect is reported in [20]. The authors of
[21] describe a modified shuffle frog leaping algorithm for multi-
objective optimal power flow solving. Although the features of
these approaches are quite different, they were proposed in order
to either decrease the computation time or to reduce the fuel
costs of power systems. Few publications focus on the effects of
up/down spinning reserves on the OPF of a wind-thermal power
system, or the affects of a wind generation system on power sys-
tem OPF operations. Further, the literature rarely discusses the
problem of how to solve the OPF problem for a wind-thermal
power system.

This study addresses the following research gaps:

1. Is it possible to solve the OPF problem for a wind-thermal
power system?

2. What are the effects of a wind generation system on power sys-
tem spinning reserve requirements and abilities?

3. What are the effects of a wind generation system on power sys-
tem economic dispatch operations?

4. How does wind turbine location affect the bus voltage, trans-
mission loss, and fuel costs of a power system?

This paper is organized as follows. Section 2 details the problem
formulation and the objective function. Section 3 describes the
wind generation model. The development and working of the EPSO
approach is elaborated in Section 4. Section 5 discusses simulation
and experimental results made on a standard test system. Finally,
Section 6 concludes the paper.

2. Problem formulation and the objective function

The OPF problem is a complex problem that includes economic
dispatch and power flow solutions. The objective function of an OPF
program is to minimize the fuel costs of a power system. The solution
parameters include the real power output of generators, transformer
taps, and capacitor bank taps. The OPF problem in this paper includes
wind generation units and up/down spinning reserves. The objective
function of this problem is expressed as follows:
Minimize Ft ¼
XN

i¼1

FiðPGiÞ ð1Þ

where Ft is total fuel cost; PGi is generation of thermal unit i; N is
number of on-line thermal units. The control variables of Eq. (1)
are generation of thermal units, bus voltages of voltage-controlled
buses, transformer tap and reactive power injection of shunt capac-
itors. In this paper, we assume the wind turbine generators have no
cost in the OPF problem.

The OPF problem has two categories of constraints:
(1) Equality constraints: These are the sets of nonlinear equa-

tions that govern the power system, i.e.,

(a) Real power balanced
XN

i¼1

PGi þ PWT � Ploss � PD ¼ 0 ð2Þ

Ploss ¼
XBL

J¼1

GJ½jVxj2 þ jVyj2 � 2jVxjjVyj cosðdx � dyÞ� ð3Þ

where PWT is summation of power output of all WTGs; PD is the total
load; Ploss is transmission loss; BL is number of transmission lines; GJ

is conductance of the line between buses x and y; |Vx| is voltage
magnitude of bus x; dx is voltage angle of bus x.

(b) Power flow equations

Pi �
XBN

k¼1

jViVkYikj cosðhik � di þ dkÞ ¼ 0 ð4Þ

Qi þ
XBN

k¼1

jViVkYikj sinðhik � di þ dkÞ ¼ 0 ð5Þ

where Pi and Qi are real and reactive power injected into power sys-
tem at bus i; BN is the number of buses; Yik is the element in the ith
row and kth column of bus admittance matrix; hik is angle of the
element in the ith row and kth column of bus admittance matrix.

(2) Inequality constraints
These are the set of discrete and continuous constraints that

represent the system security and operational limits as the
following:

(a) Bus voltage limits
Vmin
i 6 Vi 6 Vmax

i ; i ¼ 1;2; . . . ;BN ð6Þ

where Vmin
i is lower voltage limit of bus i; Vmax

i is upper voltage limit
of bus i; BN is number of buses.

(b) Transformer tap setting limits
TPmin

s 6 TPs 6 TPmax
s ; s ¼ 1;2; . . . ; TN ð7Þ
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where TPmin
s is lower tap limit of transformer s; TPs is tap of trans-

former s; TPmax
s is upper tap limit of transformer s; TN is number

of transformer.
(c) Reactive power tap setting of capacitors

QCmin
h 6 QCh 6 QCmax

h ; h ¼ 1;2; . . . ;CN ð8Þ

where QCmin
h is lower tap limit of capacitor h; QCh is tap of capacitor

h; QCmax
h is upper tap limit of capacitor h; CN is number of capacitor.

The capacitors are modeled as reactive power injection in the OPF
problem.

(d) Transmission limit of lines
SLl 6 SLmax

l ; l ¼ 1;2; . . . ; BL ð9Þ

where SLl is line flow of line l; SLmax
l is line flow limit of line l; BL is

number of lines.
(e) Power limits of generation unit

Q min
Gi 6 Q Gi 6 Q max

Gi ; i ¼ 1;2; . . . ;N ð10Þ

Pmin
Gi 6 PGi 6 Pmax

Gi ; i ¼ 1;2; . . . ;N ð11Þ

where Pmin
Gi is minimum real power limit of thermal unit i; Pmax

Gi is
maximum real power limit of thermal unit i; Qmin

Gi is minimum reac-
tive power limit of thermal unit i; Qmax

Gi is maximum reactive power
limit of thermal unit i.

(f) Spinning reserve constraints

XN

i¼1

USi P PD � s%þ PWT � r% ð12Þ

XN

i¼1

DSi P PWT � r% ð13Þ

where USi is the maximum USR limit of thermal unit i; s% is percent-
age of load contributing to up spinning reserve; r% is percentage of
wind generation contributing to USR and DSR; DSi is the maximum
DSR limit of thermal unit i.

Constraints (2)–(11) can be considered by solving the power
flow problem at each time stage. Constraints (12), (13) will be han-
dled during the process of EPSO.

3. Wind generation model

The power output of a WTG can be determined using the func-
tional relationship between the wind speed and the power output
of the WTG as (14). Fig. 1 shows a typical power curve for a WTG.
Region UD to UF is nearly a 3rd order polynomial. The power out-
put of a WTG is approximated by a 3-order polynomial as (14).

PwðUuÞ

Pr
w; UX > Uu P UF

b � U3
u þ c � U2

u þ d � Uu þ e; UF > Uu > UD

0; Uu 6 UD

0; Uu P UX

8>>><
>>>:

ð14Þ
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Fig. 1. A typical power curve for a WTG.
PwðUuÞ is the available WTG power output. The parameters used are
the wind speed at hub height Uu, the WTG rated wind speed UF, the
WTG cut-in wind speed UD and the WTG cut-off wind speed UX. The
parameters b, c, d and e are constants.

The model in this study assumes that the power factor of wind
turbine generators is 1.0, and uses the generation output of wind
turbine generators as a negative real power load, connected to a
special bus, in power flow study.

The effect of uncertainty of wind turbine generators is an
important issue in wind generation researches. A computer pro-
gram named ‘‘HOMER’’ was applied to generate hourly wind speed
data from the recorded long-term wind speed data at the test site
[22]. This program generated the wind speed probability by a
Weibull probability density function. Wind speed uncertainty
was considered in this program.
4. Overall approach

Particle swarm optimization (PSO) is an efficient approach for
solving nonlinear optimization problems. It is originally mimics
the sociality of bird block and fish school. Through a tracking of
two best values, i.e., Pbest and Gbest, the global optimum might
be achieved by this optimization technique [23]. The main draw-
back of PSO is that it easily gets trapped in a local optimal solution.
Evolutionary programming (EP) is a parallel search algorithm [24].
It is a global search algorithm with the ability to reach a global or
near global optimal solution. However, EP has lower computational
efficiency than PSO.

Evolutional Particle Swarm Optimization (EPSO) [25] incorpo-
rates PSO with EP to enhance the computation efficiency of EP
and enable PSO to jump out of the local optimum. The mutation
and competition mechanisms of EP enable EPSO to jump out of
the local optimum. The velocity and position updating mechanisms
of PSO enhance the computation efficiency of EPSO. This paper pro-
poses an EPSO approach for solving the OPF problem of a wind-
thermal power system. The overall approach involves the following
steps:

Step 1: Read system data and setup parameters.
Step 2: Generate initial solutions.
Step 3: Use a fast-decoupled power flow program to compute
the generation of the independent thermal unit and check the
operational constraints of the power system.
Step 4: Calculate the fitness of every solution.
Step 5: Generate offspring population.
Step 6: Check the boundary limits.
Step 7: Check the end conditions. If the end conditions are
satisfied, go to step 7, otherwise, go to step 3.
Step 8: Print out the results.

The following subsections describe this procedure in detail.
4.1. Define the elements of an individual

An individual is a solution in EPSO. Each individual is a [DM � 1]
matrix, and its elements include the real power output of N � 1
thermal units, the bus voltage of BX voltage controlled buses, trans-
former tap of TN transformers, and reactive power injection of CN
shunt capacitors. DM is the summation of (N � 1), BX, TN, and CN. N
is the number of thermal units, BX is the number of voltage-con-
trolled buses, TN is the number of transformers, and CN is the num-
ber of shunt capacitors. The tap position of transformer is a discrete
variable with a discrete step size of 0.01 in this paper.
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4.2. Generate the initial population randomly

EPSO is a parallel search approach. Many individuals cooperate
to find the global optimum. The process begins with a randomly
generated initial population, and ends when the difference be-
tween all individuals are sufficiently small. A good initial solution
enhances the possibility of obtaining an optimal solution. The com-
putation steps to generate elements in an individual within the ini-
tial population are as follows:

Step 1: Randomly generate the generation of thermal units,
within the feasible region shown in (11), and meet the up/down
spinning reserve constraints shown in (12), (13)
Step 2: Randomly generate the bus voltages of voltage-con-
trolled buses, within the bus voltage limits in (6).
Step 3: Randomly generate the transformer tap, within the
transformer tap setting limits in (7). Round the tap to the near-
est discrete transformer tap position.
Step 4: Randomly generate the reactive power injection of shunt
capacitors, within the reactive power tap setting of capacitors in
(8).
Step 5: Repeats Steps 1–4 for J times to build an initial popula-
tion, which includes J individuals. J is the population size.

The initial solutions are generated within their feasible region,
thus the constraints are satisfied.

4.3. Perform power flow analysis

Use a fast-decoupled power flow program to compute the
power flow solutions of every individual. This step also calculates
the generation of the independent thermal unit, and checks the
power system operation constraints illustrated in (2), (3), (4), (5),
(6), (9), and (10).

4.4. Evaluate the fitness of each individual

Calculate the value of each individual’s fitness function. The fit-
ness function, shown in Eq. (1), is an index that evaluates the fit-
ness of an individual. This study uses the generation of the
independent thermal units, solved in Section 4.3, and generation
of other thermal units, to compute the fitness of each individual.

4.5. Generate the offspring population

EPSO is a hybrid algorithm, which is a combination of Evolu-
tionary Programming and particle swarm optimization. The proce-
dure to generate an offspring population in EPSO is as follows:

Step 1: Generate offspring of individuals by EP mutation. An off-
spring is created around a parent by adding a Guassian random
variable to the parent. This step generates the offspring of indi-
viduals xk

j for j = 1, 2, 3, . . ., J by EP mutation. Eq. (15) shows the
mutation mechanism. Where, xk

j is individual j in iteration k, xk0

j

is offspring of individual j in iteration k, rj is range of offspring
created around the parent j, Nj(0,1) is a Gaussian random vari-
able with mean 0 and standard deviation 1 that is regenerated
for every individual j.
xk0

jþJ ¼ xk
j þ rjNjð0;1Þ ð15Þ

Step 2: Competition and selection by EP. An EP competition
mechanism is applied to select better individuals. Each individ-
ual in the combined population of that generated in step 1, and
the parents, must compete with M number of individuals,
randomly chosen from the combined population. M is number
of competitors. Every individual will obtain a competition score.
Compare the competition score of the parent and its offspring.
The winner becomes the offspring.
Step 3: Update velocity and position of the first J individuals
obtained in step 2, using PSO updating rules. The velocity and
position updating rules of PSO are applied to further modify
the individuals obtained in step 2. The velocity of a particle rep-
resents a movement of the elements shown in Section 4.1. The
position of a particle is the value of elements. The updated indi-
viduals form the next generation. This step updates the posi-
tions of xk

j for j = 1, 2, 3, . . ., J to be the offspring of the next
generation. Where, xk0

j is offspring of individual j in iteration k.
Eqs. (16) and (17) are applied to update the Pbest and Gbest in
the searching process. Pbest is the best value of fitness function
of every individual it has been achieved, Gbest is the best value
of fitness function that has been achieved so far by any individ-
ual. If the current solutions of them are better than the latest
values, then replace them by the best value in the current
iteration. Pbest and Gbest contain the same elements as an
individual.

Gbestk ¼ XB1
A1; FT XB1

A1

� �

¼min � FT XD1
C1

� �
; C1 2 ½1; J�; D1 2 ½1; k�

n o
ð16Þ
Pbestk
j ¼ XB3

A3; FT XB3
A3

� �

¼min FT XD3
C3

� �
; C3 ¼ j; D3 2 ½1; k�

n o
ð17Þ

where FT(�) is fitness function, Gbestk is Gbest from beginning to iter-
ation k, Pbestk

j is the Pbest of individual j from beginning to iteration
k. Eq. (18) is applied to update the velocity of individuals.

Vkþ1
j ¼ w � Vk

j þ c1 � rand Pbestk
j � Xk

j

� �
þ c2

� rand Gbestk � Xk
j

� �
ð18Þ

Eq. (19) is applied to update the position of individuals.

Xk0

j ¼ Xk
j þ Vkþ1

j ð19Þ
4.6. Check the boundary limits

There are different ways to handle constraints in evolutionary
computation optimization algorithms. In this paper, a preserving
feasible solution method is applied. Solutions are initially placed
in the feasible search space and remain within by adapting an
update mechanism that generates only feasible solutions. If any
element of an individual breaks its inequality constraints then
the position of the individual is fixed to its maximum/minimum
operating point.
4.7. Check the end condition

If the end condition is reached, the algorithm stops, otherwise,
increase iteration number, and repeat the steps stated in
Section 4.3–4.5. In this study, EPSO will stop if one of the following
criteria is satisfied: (1) The best fitness between two consecutive
iterations is unchanged for 10 iterations, (2) the variation of the
best fitness is within a permit range, and (3) the maximum number
of iterations (ITmax) is reached.
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5. Numerical examples

The following examples illustrate the OPF problem of a wind-
thermal power system. Consider a modified IEEE 30 bus test
system [5]. This system includes 6 generators, 41 transmission
lines, 2 shunt capacitors, 4 tap-changing transformers, and 20
loads. Two capacitors banks installed at buses 5 and 24 have
ratings of 19 and 4 MVAR, respectively. The base value is
100 MVA. Bus 1 is the slack bus. The real power load is
189.2 MW, and the reactive power load is 107.2 MVAR. This set-
up ignores emission data. Fig. 2 shows a single-line diagram of
the test system, and Table 1 shows the parameters of the gen-
eration system. The ramp up/down rates are 20–30% of the
maximum power output. P0

Gi represents the generator power
output at the first hour.

The simulated wind generation system connects to a special
bus in the modified IEEE 30 bus system. This study includes four
case studies. First, Section 5.1 demonstrates the effectiveness of
applying the EPSO approach to the OPF problem. Then, Sections
5.2–5.4 analyzes the effects of wind generation on power system
OPF operations. The parameters c1, c2, w and r of the EPSO
algorithm were tuned according to experiment results and
experiences.
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Fig. 2. Single-line diagram of the mo
5.1. OPF analysis of the modified IEEE 30 bus power system

This study uses the proposed OPF computer program to com-
pute the OPF solution of the modified IEEE 30 bus power system.
Two case studies demonstrate the effectiveness of the proposed
OPF computer program. In the first case, transformer taps and
shunt capacitors remain constant. The total real power generation
is 191.605 MW, the total operating cost is 574.766 $/h, and the to-
tal transmission loss is 2.408 MW. All operational constraints are
satisfied.

In the second case, the operating range of four tap-changing
transformers is between 0.9 and 1.05, with a discrete step size of
0.01. The capacitor banks at buses 5 and 24 are control variables
with a range of 0 MVAR to 40 MVAR and a step size of 1 MVAR
[5]. The OPF program adjusts the transformer taps and shunt
capacitors during the computation procedure. The resulting total
real power generation is 191.433 MW, with a total operating cost
of 573.928 $/h and a total transmission loss of 2.233 MW.

Table 2 shows the computation results, and compares the re-
sults of case 1 and case 2. This table shows that the transmission
loses and the total operating costs of case 2 are less than that in
case 1. These results show that the proposed OPF program can
not only calculate the real power output of generators that
25
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dified IEEE 30-bus test system.



Table 1
Generation unit characteristics.

Generator
no.

Bus
no.

PGi,min

(MW)
PGi,max

(MW)
QGi,min

(MVar)
QGi,max

(MVar)
URi

(MW/h)
DRi

(MW/h)
P0

Gi

(MW)

1 1 0 80 �20 150 20 20 40
2 2 0 80 �20 60 20 20 60
3 13 0 40 �15 44.7 10 10 20
4 22 0 50 �15 62.5 10 10 20
5 23 0 30 �10 40 10 10 15
6 27 0 55 �15 48.7 10 10 40

Table 2
The best OPF solution of the modified IEEE 30-bus test system.

Case 1 Case 2

Pg1 43.425 43.535
Pg2 55.785 57.220
Pg13 17.716 18.066
Pg22 23.131 22.559
Pg23 18.241 17.569
Pg27 33.307 32.482
V1 1 1.014
V2 0.999 1.088
V13 1.061 1.100
V22 1.071 1.086
V23 1.076 1.092
V27 1.1 1.100
Qc5 – 7
Qc24 – 14
T6–9 – 1.01
T6–10 – 0.96
T4–12 – 0.98
T27–28 – 1.04

Total generation (MW) 191.605 191.433
Total fuel cost ($/h) 574.766 573.928
Transmission loss (MW) 2.408 2.233

573

574

575

576

577

1 2 3 4 5 6 7 8 9 10

Number of run

Fu
el
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os

t (
$/

h)

Fig. 3. Distribution of total fuel cost of case 2.

Table 3
Statistical data for case 2.

Worst Best Mean Standard
deviation

Total generation (MW) 191.788 191.433 191.551 0.115
Transmission loss

(MW)
2.588 2.233 2.401 0.120

Total fuel cost ($/h) 576.151 573.928 574.505 0.711

Table 4
Results of the minimum cost compared with different methods.

Case 1 Case 2

Total
generation
(MW)

Loss
(MW)

Cost ($/
h)

Total
generation
(MW)

Loss
(MW)

Cost ($/
h)

SQP
[5]

192.060 2.860 576.892 – – –

PSO 191.847 2.647 575.411 191.769 2.569 575.244
HPSO

[5]
191.847 2.647 575.411 191.455 2.255 574.143

EPSO 191.605 2.408 574.766 191.433 2.233 573.928

Table 5
Spinning reserve of Scenario 1.

Wind speed (m/s) Spinning
reserve
requirement
(kW)

Spinning
reserve ability
(kW)

Total fuel cost ($/h)

USR DSR USR DSR

4 29,011 631 55,000 46,591 569.7124
5 29,896 1516 55,000 46,897 562.3557
6 31,029 2649 55,000 44,417 554.2965
7 32,336 3956 55,000 44,368 543.4817
8 33,743 5363 55,000 45,000 532.8971
9 35,173 6793 55,000 38,563 522.8442

10 36,553 8173 55,000 39,163 512.3446
11 37,806 9426 55,000 41,021 502.6885
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achieves a minimum total fuel cost, but also can automatically
adjust the transformer taps and shunt capacitors to achieve the
minimum transmission losses.

To demonstrate the effectiveness and consistency of the pro-
posed OPF program, 10 independent runs were performed for case
2 to determine EPSO’s ability to reach an optimal or near-optimal
solution. Fig. 3 shows the distribution of total fuel cost of the re-
sults obtained by the proposed EPSO approach for 10 different
runs. Table 3 is statistical data for case 2. The largest total fuel cost
is 576.151 $/h, the best total fuel cost is 573.928 $/h, the average
total fuel cost is 574.505 $/h, the standard deviation of total fuel
cost is 0.711 $/h. The results in Table 3 and Fig. 3 demonstrate
the good performance of EPSO in solving the OPF problem.

The results of implementing OPF over a modified IEEE 30-bus
test system using the proposed EPSO approach along with the
other methods are presented in Table 4. Results clearly indicate
that EPSO achieved better solution in both cases.
5.2. Effects of wind generation on power system operating costs and
spinning reserves

This study evaluates the effects of wind generation on power
system operating costs and spinning reserves. Wind generation
systems with capacities of 10% (Scenario 1), 20% (Scenario 2) and
30% (Scenario 3) of the power system load were connected to
bus 8, respectively. The wind speed of the 1st hour was assumed
to be 3 m/s. Tables 5–7 calculate and list the operating costs and
spinning reserve of the 2nd hour, under different wind speeds.

In this test, the spinning reserve is 15% of the total load, i.e.,
s% = 15%. An extra spinning reserve is set to improve power system
safety operation under uncertain wind generation conditions. The
extra spinning reserve is 50% of wind generation, i.e., r% = 50%.

Table 5 shows the computation results of Scenario 1. The wind
speed of the 2nd hour varies from 4 m/s to 11 m/s. This table also
shows the spinning reserve requirements and spinning reserve
abilities of the power system, as well as operating costs. The gen-
eration of the wind generation system increases as the wind speed
increases. Meanwhile the total operating costs decrease as the
wind speed increases. In this case, the up/down spinning reserve
capacity of the power system, supplied by thermal generators, is
greater than the up/down spinning reserve requirement for all
wind speed conditions.

Table 6 shows the computation results of Scenario 2. In this
case, when the wind speed is greater than 10 m/s, the wind



Table 6
Spinning reserve of scenario 2.

Wind speed
(m/s)

Spinning reserve
requirement (kW)

Spinning reserve
ability (kW)

Total fuel
cost ($/h)

USR DSR USR DSR

4 29,643 1263 55,000 45,336 564.1240
5 31,411 3031 55,000 46,187 551.0162
6 33,678 5298 55,000 44,597 533.7086
7 36,292 7913 55,000 42,451 513.9991
8 39,105 10,725 55,000 37,225 493.5322
9 41,966 13,586 55,000 31,676 472.5265

10 44,725 16,345 55,000 35,118 460.9915
11 47,232 18,852 55,000 32,610 443.6994

Table 7
Spinning reserves of Scenario 3.

Wind speed
(m/s)

Spinning reserve
requirement (kW)

Spinning reserve
ability (kW)

Total fuel
cost ($/h)

USR DSR USR DSR

4 30,274 1894 55,000 45,000 559.4069
5 32,927 4548 55,000 38,660 539.7448
6 36,327 7948 55,000 44,530 513.6078
7 40,248 11,869 55,000 43,797 484.4793
8 44,468 16,088 55,000 34,860 455.9954
9 48,759 20,379 55,000 29,842 424.9154

10 52,898 24,518 55,000 24,166a 398.6180
11 56,659 28,278 55,000a 18,396a 372.3657

a USR or DSR ability is insufficient.
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Fig. 4. Spinning reserves vary with wind speeds.

Table 8
Summary of transmission losses and operating costs.

Scenarios Connected bus Transmission losses
(MW)

Total fuel costs
($/h)

Bus
no.

Voltage
(p.u.)

Without
WTGs

– – 2.233 573.928

Scenario 1 3 1.042 2.1903 436.4135
Scenario 2 8 1.033 2.0549 436.1939
Scenario 3 9 1.024 1.8344 434.9359

Fig. 5. Voltage distribution of Scenario 1.

Fig. 6. Voltage distribution of Scenario 2.
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generation is 17% of the power system load. This is greater than
15%, the basic spinning reserve level of the power system. The ex-
tra spinning reserve (r% = 50%), however, makes the power system
strong enough to survive under large wind speed variation. In this
case, the wind speed changes suddenly from 3 m/s to 10 m/s.

In Scenario 3, the installation capacity of wind generation is 30%
of the total power system load. Table 7 shows the computation re-
sults. In this case, the high penetration of wind power generation
increases generation from the wind turbine generators, decreases
generation from the thermal generators, and decrease the down
spinning reserve ability of the power system. When the wind speed
exceeds 10 m/s, the down spinning ability cannot meet the down
spinning reserve requirements. When the wind speed is greater
than 11 m/s, the up spinning ability is also insufficient to meet
up spinning reserve requirements.

Fig. 4 shows that the spinning reserve varies with the wind
speed. This figure shows that as the wind speed increases, the up
spinning reserve (USR) requirement also increases. This means
power system should supply additional USR to counterbalance
the increasing operation risk caused by increasing wind genera-
tion. Meanwhile, the down spinning reserve (DSR) requirement
also increases when the wind speed increases. Unfortunately, how-
ever, the DSR ability decreases as the wind generation increases.
This property creates an inherent limit on wind generation instal-
lation capacity.

The results above show that, even though wind generation
reduces overall operating costs, the increasing up/down spinning
reserve requirements caused by wind generation increase power
system operating risk.

In conclusion, in a wind-thermal power system, wind genera-
tion increases uncertainly power supplies resulted unpredictable
power system operation risk. Therefore, it is necessary to reserve



Fig. 7. Voltage distribution of Scenario 3.

Table 9
Transmission loss changes with wind generation locations.

Connected bus Transmission
losses (MW)

Total fuel
costs ($/h)

Bus no. Load (MW) LSTB

3 2.4 73 2.1903 436.4135
8 30 58 2.0549 436.1939
9 0 115 1.8344 434.9359
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extra up/down spinning reserve ability, as this test demonstrates.
The optimal level of up/down spinning reserves remains a problem
for future studies to solve.
5.3. Wind generation affects power system voltage

As a wind generation continues to grow, it is becoming more
important to investigate the effects of wind generation on power
system operation. Bus voltage is one of the most important indices
affecting power system operation. This test investigates the effects
of wind generation on power system bus voltage distributions. This
study conducts three scenarios to estimate the variation of bus
voltage distributions when incorporating wind generation into a
power system.

Scenario 1: Wind generation is connected to bus 3, a bus close to
the generators.
Scenario 2: Wind generation is connected to bus 8, a bus located
midway between two neighboring generators.
Scenario 3: Wind generation is connected to bus 9, a bus located
at the end of transmission lines.

To satisfy the up/down spinning reserve constraints, the instal-
lation capacity of wind generation is set to be 20% of the power
system load, the 1st hour wind speed is 3 m/s, and the 2nd hour
wind speed is 11 m/s, the power factor of wind generation is as-
sumed to be 1.0. Table 8 summarizes the transmission losses and
operating costs of all scenarios.

Fig. 5 shows the voltage distribution of Scenario 1. In this figure,
‘‘BVB’’ is the original bus voltage; ‘‘BVA’’ is the bus voltage after a
wind generation system is connected to the power system; ‘‘Vmin’’
is the lower limit of bus voltages; and ‘‘Vmax’’ is the upper limit of
bus voltages. In this case, wind generation is connected to bus 3, a
bus very close to generator 1, and is located at the source of the
transmission system. The voltage distribution profile is smooth,
except at buses 13 and 27. However, Scenario 1 has the greatest
transmission loss of all scenarios.

Fig. 6 shows the voltage distribution of Scenario 2. In this case,
wind generation is connected to bus 8, a bus located at the medium
of transmission system. Fig. 6 shows increases in the voltage of all
buses, and especially at bus 5, 13, 22, 23, and 27, where the bus
voltages are very close to the upper voltage limit.

Fig. 7 shows the voltage distribution of Scenario 3. In this case,
wind generation is connected to bus 9, a bus located at the end of
transmission lines, and with a low voltage. Fig. 7 shows an increase
in the voltage of all buses, and especially at bus 1–8, while the volt-
age variations at other buses are not obvious. This means that
when a wind generation system is connected to the end of a trans-
mission system, it will only affect bus voltage of the buses close to
it. Furthermore, this scenario achieves the lowest transmission
losses of all cases.

The results above show that it is good to connect wind genera-
tion to the end of a transmission line, and especially at a low volt-
age bus. In this case, wind generation has a good ability to reduce
operating costs and avoid low voltage.
5.4. Effects of wind generation on power system transmission losses

The generation of wind generators supplies part of power sys-
tem load, shares the loading of thermal generators, alters the line
flow of transmission lines, and thus changes the transmission
losses of a power system. This section evaluates how the location
of wind generators affects transmission losses.

Consider a setup in which a wind generation system is con-
nected to buses 3, 8, and 9, respectively. Table 9 lists the load of
connected buses, load summation of two levels of neighbor buses
(LSTB), transmission losses, and operating costs.

Table 9 shows that when wind generation system is connected
to bus 3, a bus near generators. It is located at the source of the
transmission system. The effects of wind generation system on
reducing transmission losses are not obvious. Thus, this case has
the highest transmission loss in Table 9.

When a wind generation system is connected to bus 8, a bus lo-
cated midway between two neighbor generators, the generation of
wind generation reduces the need for generation supplied by ther-
mal generators. This in turn reduces line flows from thermal gen-
erators located at the source of the transmission system,
effectively reducing transmission losses.

When a wind generation system is connected to bus 9, a bus lo-
cated at the end of transmission system, bus 9 has no load con-
nected. However, the LSTB of bus 9 is 115 MW, which is greater
than all the other cases. This means that bus 9 is located at a large
load center. Generation of wind generators inject into power sys-
tem from the end of the transmission system, reverse line flows
on the transmission lines directly connected to bus 9, share part
of LSTB, and thus reduce line flow from thermal generators. Hence,
this case has the smallest transmission loss of all cases.

The results above show that, for the purpose of reducing trans-
mission losses, a good place to setup a wind generation system is a
bus located at the end of transmission system with a large LSTB.
6. Conclusion

This paper proposes an EPSO approach for solving the OPF prob-
lem of a wind-thermal power system. The numerical examples in
this study evaluate the effects of wind generation on power system
OPF. Results show that the EPSO approach is a potential alternative
for power system OPF solutions. Test results also show the
following:
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(1) Transformer tap settings and shunt capacitor capacities
affect transmission losses and operating costs.

(2) A wind-thermal power system requires extra up/down spin-
ning reserves. These extra up/down spinning reserves could
improve the power system’s ability to survive under varying
wind generation injection.

(3) The installation capacity of a wind generation system should
be limited. The case study results in this study show that
when the installation capacity of the wind generation sys-
tem exceeds 30% of the power system load, the up/down
spinning reserves might be insufficient in the high wind
speed situations.

(4) The location of the wind generation system affects the volt-
age distribution and transmission losses. A bus located at the
end of the transmission system with large LSTB is a good
place to setup a wind generation system.
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