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ABSTRACT

This paper proposes the Improved Whale Optimization Algorithm (IWOA) method to solve the Dynamic
Optimal Power Flow (DOPF) problem in Renewable Energy Systems (RES), taking into account the
influence of Energy Storage (ES). The convergence performance of the Whale Optimization Algorithm
(WOA) algorithm is enhanced by incorporating Fuzzy Logic Control (FLC) in the exploration phase. The
FLC assists the IWOA agents in finding the optimal weight values more quickly. The weights generated by
the IWOA method are dynamic, continuously adjusting based on the deviation or error in the agents'
movement during each iteration, which is essential for locating the global optimum. This paper primarily
uses FLC to determine the weights, accelerating the IWOA optimization process. The effectiveness of this
method is tested on the IEEE 30-bus system with the integration of PV and ES. The findings of this study
demonstrate the superiority of the IWOA method over the WOA algorithm, resulting in a lower generation
cost of $25/day and a faster convergence time.

Keywords-Dynamic Optimal Power Flow (DOPF); Improved Whale Optimization Algorithm (IWOA); weight;

Fuzzy Logic Control (FLC); Energy Storage (ES)

I.  INTRODUCTION

Optimal Power Flow (OPF) is a critical component of the
operation of the electric power system. OPF is the process of
balancing the generation of power against the requirements of
the load, taking into account the operational limitations of the
generator. The objective of the OPF is to achieve a more
efficient power flow model that aligns with economic,
technical, and environmental imperatives [1]. The integration
of renewable energy sources into the grid has been shown to
introduce a significant degree of complexity to the OPF [2].
DOPF represents an advanced level of the OPF, emphasizing
the operating relationship from the 1st to the 2nd hour and so
on until 24 hours. However, DOPF reveals more fundamental
challenges in the generator operating system. A multitude of
methods and approaches have been employed to address power
flow optimization problems, using mathematics [3-9].

However, the efficacy of these mathematical-based approaches
is limited due to their reliance on a linear model to address the
underlying dynamics. Consequently, Artificial Intelligence (AI)
methods have gained popularity in conjunction with traditional
mathematical approaches for addressing OPF problems [10-
16]. The efficacy of various techniques, including the Sun
Flower Optimization (SFO) algorithm, evolutionary algorithm-
based adaptive robust optimization, FLC, Particle Swarm
Optimization (PSO), and Gray Wolf Optimization (GWO), in
addressing power flow optimization challenges has been
validated. However, it should be noted that many meta-
heuristic methods have limitations, including the tendency to
become trapped in local optima and the often-lengthy
computation times required. The issue of global warming has
prompted researchers to study the potential of renewable
energy as a source of electrical energy. Consequently, the
integration of renewable energy in OPF has become pervasive.
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Moreover, the implementation of renewable energy sources is
being driven by a combination of policy incentives and
heightened community awareness regarding the climate change
and resource depletion, which periodically necessitates the
integration of renewable energy sources [17]. Renewable
energy offers a sustainable and low-emission alternative and
has the potential to reshape the energy landscape, significantly
reducing the environmental footprint of power generation [18-
19].

The WOA, inspired by the hunting behavior of whales, is a
meta-heuristic algorithm introduced in [20] that has been
widely used for various optimization problems across various
fields. However, the standard WOA has been the subject of
criticism due to its limited accuracy, slow convergence rate,
and challenges in avoiding local optima. To address these
limitations, researchers have proposed several enhancements
[21-23]. These enhancements include the following: an
improvement in the performance of WOA using inertia weights
[21], an enhancement in the use of adaptive weights and
crossover strategies to improve solution quality and accelerate
convergence [22], and an approach based on the nonlinear
adaptive weight and golden sine operator [23]. This study
proposes a novel approach for solving the DOPF problem using
the IWOA. The efficacy of the WOA is augmented by the
incorporation of a dynamic weight parameter into the
movement of the whale agents. The determination of this
parameter is achieved through the implementation of an FLC,
which is configured with two inputs: error and delta error. The
error is calculated based on the whale's current movement,
while the delta error represents the difference between the
current error and the previous error. This dynamic weight is
updated at each iteration based on the values of the error and
delta error, enabling the algorithm to improve both the
convergence speed and solution optimality compared to the
standard WOA. The IWOA is applied to solve the DOPF
problem, which becomes increasingly complex when
incorporating renewable energy sources, such as Photovoltaic
(PV) systems. Addressing the challenges posed by the
variability and intermittent nature of renewable energy sources,
the integration of battery storage within the system serves to
enhance its stability and feasibility.

II. PROBLEM FORMULATION

In this study, the INOA method is proposed as a solution to
the problems in DOPF. The stages for solving the problem will
include:

A. Objective Function

The DOPF problem is defined by the following objective
functions (1) and cost function (2), as expressed in:

min F; = min ¥]_, Z?’:Gl Ce,i* P, (D

N
Cei = 2, (o5 + BiPgi +ViPG:) 2
B. Power Flow Formulation

The following equations are presented for the nonlinear
power flow model:

Pr= B SVl V] - ¥y cos (6 — 6+ 8;) (3)

Qi =- Z=1Z?I51|Vi|'|V]'|'|Yij|5in(9ij_6i+6j) 4)
P < Pgy < P Q)
Q5" < Qi < Q1™ ©)
—Smax < §;; < §Max @)
ymin <y, < ymax ®)
omin < 9; < oIx ©
RiM < Pgit = Poy < BT (10)
—Pgsch < Pgs < Prsais (11
Egsmax < Eo — Xi=1Egse < Epsmin (12)

Equations (3) and (4) express active and reactive power in
bus i, respectively. Equations (5)-(9) express the maximum and
minimum limits for the active and reactive power generation,
transmission line capacity, voltage magnitude, and voltage
angle, respectively. The generation ramping rates are
constrained in (10). The charging and discharging rate of ES is
constrained by the limit expressed in (11), while (12) imposes a
limitation on the total energy stored in each period.

C. Energy Storage

In this paper, the operational limitations of the battery are
examined. The objective of this research is to ensure that the
battery operation is maintained in accordance with its
capabilities, life, and energy availability for the subsequent
period. The limitations of the battery are:

SOCpin < SOC < SOCpax 13)
07.00a.m < Charging < 05.00 p.m (14)
06.00 p.m < Discharging < 03.00a.m (15)
Pey = —8MW & Ppey < 8MW (16)

Equation (13) demonstrates the ES capacity. The process of
charging the battery during the day and discharging at night is
presented in (14) and (15), while variables Pcy and Ppcy
denote the power required for charging and discharging the
battery, respectively.

D. Photovoltaic Systems

PV systems are engineered to convert solar energy into
electrical power. The electrical output of a PV system is
influenced by the ambient temperature of the surrounding
environment and the intensity of solar radiation. The
subsequent calculation has been formulated to address this
phenomenon:

Ppy (Ey) = Psrc X

nXEpm

7 [1+ k(Ty — Tsrc)l )
STC
where Ppy, is the actual power output of the PV system., Pspc is
the maximum power output of the PV module, E, is the
incoming irradiance onto the PV modules, Eg¢pc is the
irradiance level, typically 1000 W/m’, k is the coefficient
accounting for the impact of temperature on the power output,
as specified in the PV module's datasheet, Tj; stands for the
temperature of the PV module, Ty is the reference
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temperature, and 7 is the total number of the PV modules used
in the system.

III. WHALE OPTIMIZATION ALGORITHM

The WOA draws inspiration from the hunting behavior of
humpback whales in the pursuit and capture of their prey. The
movement of humpback whales during this process can be
modeled in three primary phases: circling the prey, the
exploitation phase, which includes both circular and spiral

methods, and the exploration phase. A detailed mathematical
model of the WOA has been presented in [20].

IV.  PROPOSED METHOD (IMPROVED WHALE
OPTIMIZATION ALGORITHM)

As shown in Figure 1, the novel method in IWOA
employing FLC is presented. The introduction should provide a
concise contextual overview of the work.

Initialize Population Whale, Weight, Design Variable
Dynamic OPF and Maximum lteration Number

I

Choose the Best Whale Agent

‘ Calculate Fitness for Each Whale Agent and

l

Update Each Whale Agent Position from Eq.
Till the Total Number of Search Agents

v

NO y Propose Methode \‘
Spiral Method P<05 I : : ’ |
Eq. 29 | Adjust Equation with
1 New Weight to Obtain :
‘L YES : Eq. 28, 29, and 30. !
i 1
1
Encircling Prey Method ¥ES ! |
A<1 |
Eq. 28 | |
| Use Fuzzy Logic (Eq. 26 & 27) to |
| nNo | Determine New Weight. !
gl I 1
\ l
Exploration Method < ’
Eq. 30 . >

3

Is Total Search Agent Reached

‘L YES

Is Maximum Iteration Reached

‘L YES

Display Fitness And Best Whale
Agent Position

!

END

Fig. 1.

IWOA flowchart.
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The novel proposal at IWOA entails the incorporation of
weight (w). The weights will be generated from the FLC,
which is equipped with two inputs: error (E,) and delta error
(DelE). The error is derived from the movement of the whale,
while the delta error is calculated as the difference between the
current error and the previous one. Errors can be obtained from
the whale movements during the exploration and exploitation
stages in the WOA. The proposed scheme of the FLC for the
weight generation is outlined in Figure 2.

Each FLC input is characterized by five membership
functions: very close (vc), quite close (qc), close (c), quite far
(qf), and far (f). The width of each input value is adjusted
according to the power generation limits of each generator. The
input errors are constrained to share the same width across their
respective membership functions, whereas the delta errors are
designed to deviate slightly, with a denser distribution valued at
0-50 (10% of the width value). This approach is intended to
expedite the convergence of the whale to its target point. The
membership functions for the error and delta error are
presented in Figures 3 and 4, respectively, while the surface
rules are shown in Figure 5.

Error
» E [P
»| DelE|—p] Weight
Delta Error -
Fuzzy Logic Controller
Fig. 2. FLC scheme for weight generating.
1 ve qc c qf f
05
0 6 12 18 24 30 36 42 50
Fig. 3. Membership function of error.
1ve ge ¢ qf far
0,5
0 15 30 45 50
Fig. 4. Membership function of delta error.

The weights resulting from the FLC will be multiplied by
(18) and (19). The ensuing details provide a comprehensive
exposition on weight generation and its implementation in
IWOA:

E,=D=|C.X"(t) - X (©)] (18)
DelE = abs |Eyy — E41)] (19)

where E, is the current error, E, ) is the previous error, and
DelE is the delta error. Subsequent to the acquisition of the
weight values from the FLC, the primary equation of WOA
can be modified as:

X(t+1) =X —-w=(A.D) (20)
X(t+1)=(wxD"ell.cos @nl)) + X*(t) (21)
X(t+1) = Xpgna — w=(4.D)) (22)

where t is the current iteration, A is the vector coefficient, X*is
tht best whale current vector position, X is the vector position,
D is the displacement whale, and w is the weight.

ERROR D-ERROR

Surface rules of FLC.

V. DYNAMIC OPTIMAL POWER FLOW

The simulation was conducted using the IEEE 30-bus
system data to ensure precise results. To ascertain the highest
degree of accuracy, this simulation involved 50 agents and was
repeatedly performed 50 times for each test.

A. System Data

This section will describe the system data used in the DOPF
simulation employing the WOA and IWOA methods. The
dataset, as displayed in Tables I-IV, encompasses the operating
cost coefficient, thermal generator capacity, ramp rate, line
data, load characteristic, battery parameter, and PV.

TABLE L. PARAMENTER OF THERMAL GENERATOR

Bus Unit Fuel Cost Function Pmax | Pmin | Ramp Up and
No. a (%) [b ($/MWh)[ ¢ (S'MWh?) | (MW) |(MW)| Down (MW)

1 1 0 2 0.00375 80 32 t16

2 2 0 1.75 0.0175 80 32 +16

13 | 3 0 1 0.0625 50 20 +10

22 4 0 3.25 0.00834 55 22 +11

23 5 0 3 0.025 30 12 +6

27 | 6 0 3 0.025 40 16 18
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TABLE II. LOAD PROFILE FOR 24 HOURS

Hours(am) | 1 | 2 |3 | 4| 5|6 |7 8|9 [10]11]12
Load MW) |189|184[173[170|173|183[168|171]183]199(201|203
Hours (pm) 1123456789 ]|10[11]12
Load (MW) 204|206[202[200]|205|216[235]|261]247|235|212]|196

TABLE III. BATTERY PARAMETER
Parameter Value (MW)
Initial Capacity 45
SOC min 15
SOC max 100
TABLEIV. POWER GENERATION IN PHOTO VOLTAGE

Hours| 6 | 7 | 8 9 [ 10 |11 |12 | 13 | 14 | 15 |16 |17 |18
MW |0.57]8.13|18.43]27.09/33.04{36.55[37.20/35.12|30.19]23.12{14.33|5.21(0.19)

The DOPF optimization was performed using the modified
IEEE 30-bus system, as portrayed in Figure 6. This system
comprises 30 load buses, six thermal generators connected to
buses 1, 2, 13, 22, 23, and 27. The configuration of these
generators has been determined by the IEEE system. The
relatively distributed location of these generators minimizes
losses, which is highly advantageous for this case, as it allows
focusing solely on optimizing the generation costs. The system
also includes an ES battery at bus 29 and a PV system at bus
30. In the second case, the ES is placed at bus 29, and the PV is
placed at bus 30. The inclusion of these two components, a
battery and a PV system, increases the complexity of the
system. This is due to the fact that both components have
generation cost characteristics that differ from those of thermal
generators.

I5¥

Fig. 6. Modified IEEE 30 bus with PV and battery penetration.

VI. RESULTS AND ANALYSIS

The objective of this simulation is to assess the efficacy of
the weights incorporated into the WOA algorithm. The
integration of these weights is intended to enhance the
performance of the WOA, enabling it to converge more rapidly
and accurately toward the global solution. The assessment of

the IWOA performance is guided by a set of performance
parameters, including the generation cost, computation time,
and number of iterations. These criteria are critical for
determining the feasibility of implementing the optimization
method in real-world electric power systems. Lower generation
costs result in reduced operational expenses for utility
companies, faster computation times facilitate real-time
decision-making, and fewer iterations indicate enhanced
computational efficiency. This section presents the outcomes of
the DOPF simulations that employ both WOA and IWOA to
illustrate the effectiveness of the IWOA. In the initial scenario,
designated as the base case, the simulations were conducted
exclusively using a thermal generating system. In the
subsequent scenario, the simulations incorporated a thermal
generation system in conjunction with the PV and battery
storage systems. To certify the reliability of the results, ten
trials of each method were carried out for each scenario.

A. Base Case

The initial case is considered the base case. This is an IEEE
system to be optimized with six thermal generators. In this
instance, a comparative analysis is conducted between the
WOA and IWOA methods, with the evaluation parameters
encompassing the generation cost, computation time, and
number of iterations. The simulation results demonstrate that
IWOA exhibits superior performance in terms of reduced
generation cost and decreased iteration counts when compared
to WOA. However, the simulation results indicate that the
computation time for both methods is relatively similar.
Consequently, the primary advantages of IWOA, namely cost
efficiency and iteration reduction, are evident in the simulation
results shown in Table V. As depicted in Table V, under the
base case scenario, IWOA attains a generation cost of
approximately $17 per day and demonstrates a more rapid
convergence trajectory in comparison to WOA. The
convergence patterns of these two methods are presented in
Figure 7. Specifically, IWOA reaches its convergence value by
the 19th iteration, whereas WOA requires up to the 25th
iteration to achieve convergence.

B. PV and Battery Penetration

In the second case, an analysis is conducted on an IEEE 30-
bus system that incorporates six thermal generators, a PV
system, and a Battery Energy Storage System (BESS). During
daylight hours, the BESS functions as a load, thereby storing
excess energy from the PV system and thermal generators.
During nocturnal hours, the BESS operates as a generator,
hence supplying power to the grid and providing support to the
thermal generators during periods of peak demand. A critical
factor in this context is the preservation of adequate battery
capacity to guarantee a reliable operation during the subsequent
days. Analogous to the initial case, a comparative analysis is
conducted between the WOA and IWOA methods, employing
three criteria: generation cost, computation time, and the
number of iterations. The simulation results indicate that
IWOA achieves lower generation costs and requires fewer
iterations than WOA.
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TABLE V. WOA AND IWOA PERFORMANCE TABLE VI WOA AND IWOA PERFORMANCE IN PV AND
BATTERY PENETRATION
Method WOA
Number of |Time of computation, Number of Generation cost Method WOA
trials (s) convergency ($/day) Number of |Time of computation Number of Generation cost
1 396.24 18 13,401.12 trials (s) convergency ($/day)
2 392.00 22 13,392.22 1 461.15 30 12,755.03
3 348.55 25 13,405.91 2 457.88 16 12,773.73
4 361.63 23 13,393.24 3 384.23 25 12,735.89
5 34891 13 13,392.18 4 348.89 23 12,763.87
6 344.23 18 13,404.65 5 503.24 25 12,742.70
7 466.14 18 13,405.20 6 348.00 14 12,765.37
8 413.76 25 13,403.94 7 423.74 24 12,743.45
9 388.43 20 13,414.10 8 351.74 41 12,738.22
10 425.74 25 13,395.51 9 362.56 20 12,746.54
Average 388.57 20.7 13,400.81 10 453.00 42 12,749.66
Method IWOA Average 409.44 26 12,751.45
Number of |Time of computation Number of Generation cost Method IWOA
trials (s) convergency ($/day) Number of |Time of computation Number of Generation cost
1 375.16 18 13,392.52 trials ©) convergency ($/day)
2 386.96 18 13,386.31 1 409.25 21 12,711.56
3 384.08 23 13,383.59 2 402.65 15 12,717.18
4 399.76 25 13,378.53 3 431.10 23 12,727.66
5 392.57 22 13,377.53 4 470.08 23 12,732.14
6 402.57 25 13,380.76 5 483.96 19 12,717.66
7 399.69 19 13,380.84 6 448.86 23 12,726.81
8 388.69 17 13,383.37 7 444.72 16 12,734.76
9 390.04 21 13,382.28 8 402.13 23 12,737.02
10 393.06 17 13,392.20 9 395.35 21 12,727.93
Average 391.26 20.5 13,383.79 10 407.29 25 12,732.35
Average 429.54 20.9 12,726.51

13570

13520

2
s
5 13470
[
G}
:
13420 !
,,,,,,,,,,,,, v !
|
|
Y
13370 \ X
1234567 8910111213141516171819202122232425262728293031323334353637 38394041 42434445464 7484950
Number of Iteration
Fig. 7. Convergency curve of the first case.
12950
o
~ 12900
o 12850
4 Convergence
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Fig. 8. Convergency curve of the second case.
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However, the computation time for both methods is
comparable. This finding underscores the notable cost and
computational  efficiency  benefits of IWOA. The
comprehensive simulation outcomes are outlined in Table VI.

A comparison of Tables V and VI reveals that the cost of
generation in the latter is less expensive than in the former.
This is due to the presence of the PV and battery technology,
which can supply energy at a negligible cost. From Table VI, it
can be observed that in the second case, IWOA achieves a
lower generation cost of approximately $25 per day and
exhibits faster convergence than WOA. The convergence
patterns of these two methods are illustrated in Figure 8.
Specifically, INOA reaches its convergence value by the 13th
iteration, whereas WOA requires up to the 31st iteration to
achieve convergence.

C. Impact of Photovoltaic and Battery Penetration in Power
Generation Profile

The integration of PV and battery ES within the system has
been observed to exert a significant influence on the generation

300 Generation Without PV and Battery

250

200

Generation (MW)
@
o

Battery
Discharge

Fig. 9. Curve of power

SOC Battery (%)

40
30
20
s LLELEL
0
1 2 3 45 6 7 8

10

©

Fig. 10.

Generation With PV and Battery Penetration

profile of the thermal generator. As shown in Figure 9, during
daylight hours, 07:00 a.m. — 05:00 p.m., the power generation
by the thermal generator exhibits a decline, attributable to the
fact that the system is currently receiving augmented power
from the PV array. Concurrently, the battery is undergoing
charging. Conversely, during nocturnal hours, 6:00 p.m. — 3:00
a.m., the thermal generator's power generation remains lower
due to the battery's function as a generator, supplying energy to
the system. The battery and PV are both inactive from 4:00
am. to 6:00 am., with the battery preparing its energy for
subsequent operation and the PV awaiting the sunrise.

As demonstrated in Figure 10, the battery's SOC profile
was monitored over a 24-hour period. The battery's initial SOC
was 45%, and after one day of usage, it returned to that state.
This condition is intended to ensure that the battery's
availability for subsequent operations remains sufficient.

PV and
Charging
Battery

Battery
Discharge

n 12 13 14 15 % 17 18 19 20 2 22 23 24

Time (Hours)

generation by thermal generator.

11 12 13 14 15 16 17 18 19 20 21 22 23 24

Time (Hours)

Battery's SOC profile over a 24-hour period.
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D. Statistical analysis

The performance of the proposed method is evaluated
through a statistical analysis. A frequently employed technique
is the calculation of Standard Deviation (STD). A method with
a lower STD is indicative of more stable and superior
performance. The calculation of STD is [24]:

STDEV.P = /Z(XT"‘)Z (23)

From cases 1 and 2, data were obtained from 10 trials for
each method (WOA and IWOA). The statistical data have been
analyzed, yielding the STD values presented in Table VII.

TABLE VII.  STD COST GENERTION RESULT
C STD Population
ase WOA TWOA
1 6.93 4.90
12.01 7.98

The findings indicate that IWOA exhibits superiority over
WOA. In the two cases that were examined, IWOA exhibited a
lower STD value of 4.9, in comparison to the values of 6.93
and 7.98 observed in cases 1 and 2, respectively. These
findings indicate that IWOA can generate more stable power.

VII. CONCLUSIONS

The application of the Whale Optimization Algorithm
(WOA) and Improved Whale Optimization Algorithm (IWOA)
to the Dynamic Optimal Power Flow (DOPF) problem on the
IEEE 30 bus system has yielded promising results. The
performance of these two algorithms is evaluated using several
performance parameters, including computation time,
convergence speed, and optimal value. The performance of
these parameters is further validated by the Standard Deviation
(STD), thereby ensuring the reliability of the algorithms in
producing optimal values. The study yielded several
conclusions, including:

e IWOA has demonstrated superiority over WOA in terms of
generating more optimal cost values and fewer iterations.
The efficacy of IWOA and WOA is substantiated through
the implementation of both methods in addressing the
DOPF problem on the IEEE 30 bus system. The results
indicate that IWOA can achieve generation costs of
approximately $17-25/day, which is more economical than
the $26/day cost of WOA. Furthermore, IWOA requires
approximately 20 iterations, whereas WOA requires 26.

e Furthermore, IWOA has been shown to exhibit a lower
STD value in comparison to WOA. This outcome indicates
that IWOA exhibits enhanced stability in addressing
optimization problems.

e Effective management and planning of Energy Storage (ES)
and Photovoltaic (PV) systems can reduce the reliance on
thermal power plants and ensure the continuity of the
operations the following day.

e The incorporation of a Fuzzy Logic Control (FLC) into the
IWOA for generating weights has been demonstrated to

enhance its performance, particularly in terms of

convergence speed, result accuracy and stability.
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