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Abstract

Current energy management faces its most significant power
optimization struggle because rising demand meets with
environmental pressures and requires effective resource utilization.
The research develops an advanced implementation of bitterling
fish optimization (BFO) combined with the genetic algorithm (GA)
to perform power consumption optimization in intricate systems.
The proposed framework connects BFO swarm intelligence to
GA evolutionary strategies through machine learning adaptation,
which simultaneously minimizes power losses and improves
system efficiency throughout multiple applications. The hybrid
approach produces quicker convergence through improved
optimization performance and delivers flexibility toward dynamic
energy requirements. The model requires consideration of three
vital elements: load distribution management and renewable
integration, and power loss reduction, along with interactive
visual controls to monitor power distribution and optimization
progress, and system output. Additionally, cloud and edge
computing technologies enable large-scale data processing and
ensure low-latency optimization for real-time applications. The
framework also supports adaptive learning mechanisms, allowing
it to continuously refine optimization strategies based on real-time
energy data and consumption patterns. The proposed power
optimization framework has wide-ranging applications in smart
grids, industrial automation, and renewable energy systems,
offering a scalable, high-accuracy solution for modern energy
management. The integration of predictive analytics and real-time
monitoring empowers decision-makers with proactive energy-
saving strategies, ultimately contributing to a sustainable, efficient,
and intelligent power infrastructure. This research provides a novel,
data-driven approach to power optimization, addressing critical
challenges in energy management while enhancing reliability and
operational efficiency in future energy infrastructures.

Keywords

power optimization, bitterling fish optimization, genetic algorithm,
load balancing, energy efficiency, renewable energy, smart grids,
edge-computing, predictive analytics

3 Open Access. Professor Subhas Chandra Mukhopadhyay.
© 2025 Vaydande et al., This work is licensed under the Creative Commons
Attribution-NonCommercial-NoDerivs 4.0 License https://creativecommons.org/licenses/

by-nc-nd/4.0/



Hybrid BFO-GA Framework for Power Management: Vaydande et al..

l. Introduction

Optimization plays a crucial role in various fields,
particularly in power systems, where efficiency
and sustainability are paramount. Traditional opti-
mization methods often struggle to address com-
plex, high-dimensional problems, necessitating
the use of advanced computational technigues.
Metaheuristic algorithms, inspired by natural and
biological processes, have emerged as powerful
tools for solving such challenges. Among these,
bio-inspired algorithms have gained significant
attention due to their adaptability and effectiveness
in exploring vast solution spaces.

The bitterling fish optimization (BFO) algorithm
uses the reproductive and survival methods of bit-
terling fish (Rhodeus sericeus) to develop its bio-
inspirational optimization model. Bitterling fish need
to select proper reproduction grounds among their
limited freshwater space and develop predator
protection strategies to guarantee the survival of
their young. The mathematical processing model of
BFO creates various solution alternatives that work
effectively with power system applications. Natural
selection together with evolution drives genetic
algorithm (GA) to develop into a powerful system
for power optimization.

A defined evolutionary approach allows GA to
provide both high operational efficiency and power-
ful outcomes for the resolution of complex optimi-
zation tasks. Relational optimization occurs through
BFO and GA hybrid modeling, where each approach
strengthens the resulting model for managing con-
temporary power systems.

a. Biological inspiration

The conceptual framework of BFO uses its approach
on survival and reproduction methods implemented
by Rhodeus sericeus bitterling fish. The mating pro-
cess of female bitterling fish employs freshwater mus-
sels as reproductive hosts to reproduce patterns that
match the natural fish-mussel ecological interactions.

b. Background and importance of power
optimization

Power systems of modernity demand energy optimi-
zation for achieving maximum efficiency, combined
with sustainability alongside reduced costs. The ris-
ing need for energy in industrial and residential sec-
tors has made power optimization a leading topic in
research. These optimization methods face difficulties
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when working with difficult-to-solve high-dimensional
problems. So, researchers develop nature-inspired
metaheuristic algorithms as a solution.

c. Introduction to metaheuristic
algorithms

Metaheuristic algorithms serve as advanced optimi-
zation tools, which prove invaluable for resolving com-
plex problems across engineering fields besides eco-
nomics and artificial intelligence domains. Because
these algorithms draw their inspiration from natural
phenomena along with biological evolution along
with swarm intelligence and physical processes, they
become very effective at navigating through exten-
sive search areas. Metaheuristic algorithms achieve
robust solutions because they excel at finding equi-
librium points between exploration of new solutions
and exploiting promising candidates. This makes
them superior to traditional optimization techniques,
whose weaknesses include local optima difficulties
and inefficient computing resources. Metaheuristic
algorithms operate as either single-solution-based
or population-based entities in general classification
terms. The single candidate optimization techniques
simulated annealing and tabu search, work through
successive improvements on their sole prospective
solution. The population-based algorithms composed
of GA, particle swarm optimization (PSO), ant colony
optimization (ACO), and BFO function from diverse
potential solutions while pursuing optimal results. One
of the primary advantages of metaheuristic algorithms
is their adaptability to various problem domains. They
do not require gradient information and can handle
discrete, continuous, and combinatorial optimization
problems effectively. Their stochastic nature allows
them to escape local optima, ensuring a higher prob-
ability of finding globally optimal solutions.

d. BFO algorithm

The BFO algorithm behaves as a new bio-inspired
metaheuristic technique that uses bitterling fish
reproductive and survival behaviors to operate. The
Bitterling fish demonstrate exceptional intelligence
because they practice smart decision-making during
spawning and predator evasion, and the creation of
successful offspring. Bitterling fish natural behavior
serves as an optimization approach that directs can-
didate solutions (individual fish) to explore the solution
area based on fitness evaluation.

BFO succeeds through three main opera-
tional mechanisms, which include exploration and
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exploitation together with adaptation. At the beginning
of its execution, the algorithm generates an initial set
of candidate solutions followed by fitness evaluation
before implementing iterative movements that use
fish-inspired techniques. These strategies include:

The Fish Exploration Period shows fish being
directionless as they search for better spawning
areas, which matches how optimization explores var-
ious solution areas.

During exploitation, fish that discover ideal loca-
tions affect the behavior of other fish so search
becomes focused on rewarding areas.

The population actively adjusts, as environmental
changes occur to maintain robustness when optimiz-
ing dynamic problems.

BFO shows reliable performance when dealing
with hard optimization problems through its adaptive
search capabilities, which lead to superior results.
The algorithm achieves successful implementation in
power system optimization and machine learning and
industrial process control.

e. GA in power optimization

The GA stands as a common evolutionary algorithm
because it uses natural selection principles along
with genetic evolution concepts. Researchers first
identified GA as a method under the supervision of
John Holland during the 1970s, and it continues to
solve optimization problems throughout different
fields extensively today. The algorithm follows several
basic operational steps, which include:

Initialization: Randomly initiated procedures create
the first set of candidate solutions, which form the
population.

Fitness Evaluation: Every chromosome receives
its value from an objective function evaluation
process.

Selection: The process of selection identifies
superior performing chromosomes through rou-
lette wheel selection and other alternatives such
as tournament selection and rank selection.
Crossover: The selected chromosomes repro-
duce through recombination in order to generate
new offspring that enhance genetic diversity.
Mutation: Offspring undergo rounding of tiny
random values to achieve both genetic diversity
maintenance and avoid premature solutions.

The algorithm operates across multiple gener-
ations before termination when either a maximum

iteration limit is reached or the convergence threshold
becomes satisfied.

The effectiveness of GA lies in its ability to resolve
optimization problems that present non-linearity,
multiple modalities, and high dimensions. GA has
achieved widespread application across energy opti-
mization, scheduling, machine learning, and engi-
neering design fields.

f. Hybridization of BFO and GA for
enhanced power optimization

The integration of BFO and GA combines the strengths
of both algorithms, leveraging GA’'s structured evo-
lutionary process with BFO’s adaptive exploration
capabilities. This hybrid approach enhances conver-
gence speed, solution accuracy, and robustness in
complex optimization scenarios. Applications of the
BFO-GA hybrid include power optimization in smart
grids, renewable energy management, and industrial
automation. By incorporating the intelligence of natural
selection from GA and the adaptive behavior of BFO,
this hybrid model outperforms traditional optimization
techniques, making it a promising solution for next
generation optimization challenges.

d. Applications in energy systems

It is vital that the GA and BFO are integrated, enhanc-
ing energy systems by enhancing their efficiency,
sustainability, and flexibility. With the incorporation
of renewable energy. This model is powered by the
optimum solar and wind power resources availa-
ble resources, solving variability issues and import-
ing grid Stability. It reduces fossil fuel consumption
through control of power supply, which produces
cleaner energy infrastructure.

In smart grids, the BFO-GA hybrid facilitates real-
time load. demand balancing and management. It
is flexible fault-tolerant control systems to enhance
performance and efficiency. Energy moves along the
grid. By minimizing transmission losses and makes
the grid more robust, the plan facilitates designing
energy systems that can sustain themselves.

The industrial domain benefits a lot from this
strategy of optimization as it minimizes energy wast-
age in production systems. The BFO-GA approach
enhances the scheduling and resource utilization
investing in production factories, that is, saving and
improving working efficiency. It is also employed in
electric vehicle (EV) charging optimization, with effec-
tive energy use with lower grid stress at peak.
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Besides that, the model has a significant role to
play in microgrids, when distributed energy systems
must be precisely optimization for stability and
efficiency maintenance. With real-time data analysis
integrated, the hybrid BFO-GA improves decision-
making procedures, thereby minimizing operations
costs and enhancing energy security.

Overall, the combination of GA and BFO provides
a strong solution to the present energy problems,
making it the best, prudent use of resources, car-
bon footprint reduction, and promoting sustainable
energy development.

The current study introduces a new hybrid algo-
rithm (HBFO-GA) that combines the full ability of
BFO to explore the global regions and the ability
of the GA to exploit the local resources using an
adaptive switching mechanism. The suggested
framework develops a power-loss reduction model
of real-time optimization subjected to practical
operational limitations and is executed in Python
3.12 using the IEEE 30-bus benchmark system.
A comparison to other metaheuristics algorithm
such as PSO, differential evolution (DE), and Firefly
Algorithm show that the proposed HBFO-GA per-
forms better in terms of convergence performance
and optimization accuracy. Also, the framework
confirms that it can be used in real-time, is com-
putationally efficient, and can be scaled to smart-
grid settings that include integration of renewable
energy sources.

The I|EEE 30-bus benchmark power network
underlies the studied system of implementing and
evaluating the proposed Hybrid BFO-GA framework.
This test system is a typical smart energy network
that consists of a variety of interrelated components
that attempt to simulate conditions in the real-world
grid. The main components include:

e Power Generation Units: six thermal generat-
ing units that are non-linearly characterized in
their cost.

e Load Buses: There are 21 load buses, which
depict different industrial and residential power
loads.

e Transmission Lines and Transformers: There
are 41 transmission lines and 6 tap-changing
transformers that enable the use of controlled volt-
age and power flow.

e Renewable Energy Sources: Simulated units
of solar photovoltaic (PV) and wind power are
combined to evaluate the impact of variability of
renewable.

e Control and Monitoring System: This is based
on a real time decision control layer developed
in Python 3.12 that supports 24/7 monitor-
ing of power losses, voltage profiles and loads
distribution.

e Optimization Engine: The optimization engine
software is placed on the top of the system,
ensuring the total active power losses are min-
imized whilst keeping the voltage constant and
ensuring efficient generation dispatch.

The proposed system arrangement offers an
effective platform that is realistic to test the efficiency
of the hybrid algorithm in dynamic, constrained, and
renewable-integrated power systems.

Il. Literature Review

a. The genesis and algorithmic paradigm
of BFO

The foundational work by Zareian et al. (2024) for-
mally presents the BFO algorithm to the scientific
community. The socio-ecological inspirations, mainly
the intriguing symbiotic method of breeding of bit-
terling fish with freshwater mussels, are expected to
be carefully described in this paper and converted
into a logical, mathematical, and algorithmic form.
The authors describe how particular behaviors are
abstracted as operators to be explored and exploited
through a solution search space, e.g., mate selection,
territorial defense, parasitic egg-laying strategies,
and host mussel searching. Much of this introduc-
tory work would probably be devoted to the estab-
lishment of the efficacy of BFO. This is usually done
by subjecting it to a test battery of standard bench-
mark optimization problems, including unimodal,
multimodal, separable, and non-separable, as a
test of its rate of convergence, its sensitivity to local
optima, and its overall solution quality. It would also
be important to make comparisons with the already
existing metaheuristics in order to place BFO in the
current range of optimization tools. The main con-
tribution is therefore the creation of the new nature-
inspired computational paradigm, which may pro-
vide a special set of search dynamics that may be
useful in special classes of optimization problems.
The future lines of research developments out of this
introduction would probably be the sensitivity of the
parameters, the theoretical basis of its convergence,
and the investigation of variants of BFO with adaptive
mechanisms or other models of behavior.
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b. Domain-specific applications and
hybridizations of BFO

After its conceptualization, BFO algorithm is start-
ing to be extended and implemented in numerous
demanding real-world issues, sometimes with new
applications of the algorithm, or with hybrid frame-
works that attempt to leverage its advantages with
other computational methods.

Faisal et al., showcase one of the first major uses
of BFO in the biomedical domain with their work of
2024, which is dedicated to the problem of auto-
mated recognition of optic disk in human retinal
images. This is essential in the detection and man-
agement of glaucoma and other retinopathies at its
initial stages, yet proves challenging due to anatom-
ical variation, pathological changes, and quality of
the images. The application of BFO in the research
probably is to optimize important parameters in an
image-processing pipeline, e.g., tuning threshold val-
ues to segmentation or optimal features to an iden-
tification model to detect the optic disk, or a direct
search strategy for the locations of the disk bound-
aries. The essence of the contribution is to show the
ability of BFO to explore the high-dimensional search
space of the medical image analysis and potentially
improve accuracy, robustness, or computational effi-
ciency of the approach over existing optic disk locali-
zation systems. This paper sets the stage toward the
wider use of BFO in other difficult biomedical signal
and image processing problems where parameter
fine-tuning or feature optimization is the most impor-
tant issue of concern.

Balasubramanian et al. (2024) developed a com-
plex hybrid optimization approach to improve the per-
formance of the cognitive sensor networks in the field
of wireless communication. They use the combination
of BFO and the Mexican axolotl optimization algo-
rithm to come up with a new spectrum sensing and
multi-hop clustering routing protocol. Cognitive sen-
sor networks are used in dynamic radio conditions,
and it needs intelligent schemes to efficiently use its
spectrum and to use data routing that is energy con-
scious to make the most out of the network life and to
implement reliable communication. It is probable that
this study capitalizes on the different search proper-
ties of both BFO and the Mexican axolotl algorithm,
which are then potentially allocated to dissimilar
sub-problems within the overall network optimization
problem (e.g., BFO to find optimal cluster head selec-
tion and MAO (Metaheuristic Algorithm Optimization
/ Multi-Agent Optimization) to find optimal routing

paths). The contribution is a new bio-inspired hybrid
solution, which is specific to the multi-faceted prob-
lems of resource management in such networks and
may be more effective than single-algorithm solutions
in resource management measures such as network
throughput, latency, or energy usage.

Reddy and Vijayaraj (2024) has investigated
the use of BFO to renewable energy systems and
describes a hybrid algorithm to use with deep learn-
ing (DL) with BFO and secretary bird optimization
(SBQ]. The goal behind this intricate architecture
is to optimize the performance of high voltage gain
interleaved boost converters that are very important
elements in the system that incorporate PV and wind
energy. The impossibility of controlling the power flow
and conversion in such hybrid renewable systems is
hard because the sources are intermittent, and the
power electronic converters are not linear. The pre-
dictive control or system modeling may be done by
the DL component, and tuning of hyperparameters of
the DL model may be done by the hybrid BBO-SBO
optimizer, which may correct the switching param-
eters of the converter in real-time or may solve the
complex power dispatch problems. The main contri-
bution of the paper is a complex, multi-layered opti-
mization model, which is intended to optimize the
performance and stability of integrated renewable
energy systems, and demonstrates the capabilities
of BFO in the complex, dynamic control problems of
current power engineering.

Continuing on its utilization in electromechanical
systems, Balamurugan and Sri Revathi (2025) exam-
ine the use of BFO to enhance the smoothness of
torques in Brushless DC (BLDC) motors, which have
an inbuilt DC-DC converter. BLDC motors also have
torque ripple, which can cause unwanted vibrations,
acoustic noise, and lower precision, especially in
high-performance systems. Their study is probably to
use BFO [2] to carefully balance the control parame-
ters in the motor drive system or the related DC-DC
converter, including proportional-integral-derivative
(PID) controller gains, pulse width modulation (PWM)
plans, or current shaping approaches. It aims to
reduce torque variation in the operating range of the
motor. The innovation of the study is the application
of an innovative optimization algorithm designed for
a particular problem in power electronics control,
namely, to obtain high-quality operational proper-
ties (e.g., the absence of cogging torques, a strong
reduction of commutation effects) in BLDC motors,
which are widely used in robotics, electric cars, and
industrial robotization.
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c. GAs: Enduring principles and
contemporary refinements

One of the earliest and most impactful of the evolu-
tionary computation classes, GAs still remain a cor-
nerstone of optimization, and current research efforts
are directed at improving their operations, as well as
adaptation to particular problems domains.

A tutorial by Whitley gives a detailed summary
of the principles that GAs are based on. The book
is priceless to both beginners and profession-
als, providing a comprehensive description of the
essential elements of chromosomal representation
of solutions, population start-up, fithess analysis
and the canonical genetic operators of the process
of selection (e.g., roulette wheel, tournament, rank-
based), crossover (e.g., single-point, multi-point,
uniform), and mutation. Other important issues
such as parameter setting (population size, cross-
over/mutation rates), the constraints, and the bal-
ance between exploration and exploitation that
GAs seek to maintain are likely addressed in the
tutorial as well. Such a work has mainly a peda-
gogical contribution, guaranteeing a solid knowl-
edge of GA mechanics, which is necessary to their
successful use, critical analysis and more sophis-
ticated or hybrid evolution methods. The founda-
tional knowledge forms a basis of much of the work
in evolutionary optimization.

Continuing on these principles, Zhu and Pan
(2024) offer a piece of research dedicated to the
improvement of GAs work specifically on the robot
paths planning tasks in grid-like environments. The
application of standard GAs to path planning may
have problems, such as converging to suboptimal
paths prematurely, it may not be able to efficiently
navigate a complex arrangement of obstacles, or it
may produce infeasible paths, which go against the
constraints. Probably, the study will bring some par-
ticular changes to the GA scheme, including new
encoding schemes to describe paths on a grid (e.g.
sequence of moves, waypoints), special genetic oper-
ators to help maintain the path validity or exploration
of a wider range of paths, and advanced fithess func-
tions to trade off the path length, path smoothness,
clearance of obstacles, and computational cost. Its
main contribution is the creation of a high-quality GA
variant that shows a better performance in terms of
quality of the solution (e.g. shorter, safer paths) or
computational efficiency compared to traditional GAs
or other established and proven path planning algo-
rithms for a similar robotic system.

d. Versatility of GAs in optimization and
machine learning

The natural flexibility and resilience of GAs have
seen them be used successfully in a wide range of
optimization problems, including general-purpose
system parameter optimization, as well as playing
an inseparable role in more sophisticated machine
learning processes.

This article by Hu (2024) is an example of the wide
applicability of GAs in optimization of system param-
eters in many complex systems where more conven-
tional analytical or gradient-based optimization meth-
ods might not be sufficient or convenient. This study
probably gives us a general structure or case exam-
ples of how GAs would be effective to search through
high-dimensional and non-linear parameter space to
find configurations that optimize the performance,
efficiency, robustness, or other desired goals in a
system. The systems in question may be engineer-
ing design, control system tuning, calibration of sim-
ulation models or optimization of manufacturing pro-
cesses. The addition is that it strengthens the use of
GAs as a potent and general black-box optimization
method, which can address issues that have noisy fit-
ness functions or discontinuous search landscapes,
thus enabling its use in improving a large variety of
scientific and industrial problems.

Housing the important field of machine learning
model development, the article by Houssein et al.
(2024) is narrower in its focus on the feature selection
problem, where the authors apply GAs. Choosing an
optimal set of input features is not only important in
developing parsimonious, generalizable, and interpret-
able machine learning models, but it is also important
in minimizing the computational cost. Probably, this
paper explains the fact that the combinatorial qual-
ity of feature selection (the ability to select the best
subset of 2 N possibilities) fits the search functionality
of GA particularly well. It would specify the standard
GA encoding of this problem (i.e., a binary string and
each bit represents whether or not a feature is used)
and the fitness function, which typically measures the
performance (e.g., accuracy, Fi-score, AUC (Area
Under Curve)) of a selected machine learning model
trained on the subset of features selected by the GA,
typically with a penalty term to favor smaller subsets.

Offering a broader picture of heuristic optimiza-
tion in a critical infrastructure application, Niu et al.
(2024) provide an in-depth review of the usage of
several heuristic algorithms for solving the optimal
power flow (OPF) problem in current power systems.
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Not necessarily GAs-exclusive, such algorithms are
a salient and venerable class of heuristics widely
employed for solving OPF. The OPF problem is a
difficult, non-linear, and often non-convex optimiza-
tion problem with the aim of identifying the optimal
configurations for power generation, voltage lev-
els, and transformer tap settings in order to reduce
operational costs, power losses, or emissions, while
meeting many physical and operational restrictions.
The review probably covers the scope of heuristic
techniques used in solving OPF, such as GAs, PSO,
DE, and possibly newer algorithms (maybe even
foreshadowing the class in which BFO belongs. It
would describe their relative strengths and weak-
nesses, adaptation technigques used in dealing with
the unique restrictions in OPF, and their behaviors in a
variety of configurations in the power system domain,
including those with high penetration levels for renew-
able energy. Helping the most in terms of providing a
valuable synthesis of the state-of-the-art, the review
pinpoints trends, lingering challenges (e.g., scalability,
uncertainty handling), and successful applications,
thus informing future research and practical applica-
tions of heuristic optimizers in the economic, secure,
and reliable operation of maturing electrical grids.

Xiao et al. (2024) suggested the article “Real-
Time Intrusion Detection in Power Grids Using Deep
Learning: Ensuring DPU (Data Processing Units) Data
Security,” with its focus on the adaptive control of the
data in smart grids. This paper justifies the introduc-
tion of intelligence-based optimization in HBBO-GA
(Hybrid  Biogeography-Based Optimization with
Genetic Algorithm).

Widians et al. (2024) introduced the article A
Hybrid Ant Colony and Grey Wolf Optimization
Algorithm of Exploitation exploration Balance, which
indicates the significance of adaptive coordination
between metaheuristics. This design work is in favor
of the HBBO-GA design philosophy.

lll. BFO

a. Introduction

Relatively new in the field BFO draws its inspira-
tion from the mating behavior of bitterling fish. Their
reproduction method consists of placing eggs within
mussels, which provides protected development
space for their offspring. BFO duplicates the breed-
ing tactics of bitterling fish alongside predator evasion
behavior to create efficient maximization strategies
between exploration and exploitation processes.

b. Biological inspiration

Bitterling fish engage in mate selection and egg laying
through the following observed behaviors:

e Female fish search for the best mussel host to lay
their eggs, maximizing survival probability.

e Male fish perform territorial and attractive behav-
iors to secure high-quality mussels.

e Fish avoid crowded or dangerous areas, implicitly
optimizing their environment.

These biological strategies can be abstracted into
a computational framework for solving optimization
problems.

c. Algorithmic structure

The BFO algorithm works by initializing a population
of potential solutions, which are metaphorically con-
sidered as bitterling fish. These individuals explore
the search space in random directions, adjusting their
positions based on a search coefficient (A) and envi-
ronmental feedback (fitness evaluation).

Algorithm 1: Bitterling Fish Optimization (BFO)

1: Initialize population P with N fish positions
2: for each generation do

3: for each fish i in population do

4 Generate random direction vector d
5 Update position: x, = x, + A - d

©: if new position improves fithess, then
7 Accept new position

8 end if

9: end for

10:  Update global best position

11: end for

12: return Best position found

d. Mathematical representation

Let x. represent the position of the /™ fish. At each
generation, a fish updates its position using:

Xi(t+1)=xi(t)+Ad (1)

where 1 is the search step size, and d is a randomly
generated direction vector. A greedy selection strat-
egy ensures that the fish only move if the new posi-
tion yields a better fitness.
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Bitterling fish optimization
e. BFO characteristics table

e.i Initialization

Generate an initial population of fish randomly dis-
tributed across the solution space. Each fish repre-
sents a candidate solution. The size of the population
directly impacts the diversity and search ability of the
algorithm. Using domain knowledge during initializa-
tion can help achieve faster convergence. Each fish
is assigned a random position vector in the problem’s
dimensional space.

e.ii Direction generation

Each fish chooses a random direction d to move, typ-
ically modeled as a normalized random vector. The
direction vector ensures unbiased exploration of the
search space. Advanced methods like Gaussian or
Lévy flight distribution can be employed to improve
diversity. This phase supports escape from local
minima. The randomness adds non-determinism,
enhancing global search capabilities.

e.iii Position update
Fish move to new positions according to:

xi=x+ A-d @)

where A controls the magnitude of exploration.
Adaptive step size can improve convergence as the
algorithm progresses. The update is constrained
within the bounds of the search space. This move-
ment simulates the exploration behavior of fish in a
real ecosystem.

e.iv Fitness evaluation

Each fish’s new position is evaluated using the objective
function. The fitness function quantifies the quality of
the candidate solution. It may involve single or multiple
objectives depending on the application. The evaluation
guides selection in the next steps. Accurate fitness cal-
culation is critical to ensure meaningful progress.

e.v Greedy selection

A greedy criterion is applied, meaning the fish only
adopt a new position if it leads to better fitness. This
ensures that the population progressively moves
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toward better solutions. However, occasional accept-
ance of worse solutions can be introduced to avoid
stagnation. This step acts as a quality control for
candidate solutions. It balances exploration with
exploitation.

e.vi Global best update

After all fish have moved and evaluated their fithess,
the best position among them is updated globally.
This best solution is used as a reference for guid-
ing the search in subsequent iterations. Tracking
global best helps visualize convergence. It also ena-
bles early stopping criteria based on stagnation. The
global best is preserved even if individual positions
worsen later.

f. Key features

e Exploration-focused: The algorithm is inherently
exploratory, helping it avoid local optima. This
broad search over the solution space prevents
premature convergence. By emphasizing explo-
ration, BFO ensures that the algorithm continues
to explore various regions of the search space.
This feature makes it especially effective for highly
complex optimization problems. The algorithm can
adapt its search strategy based on the landscape
of the problem.

e Minimal Parameters: An advantage of using BFO
instead of GA and PSO derives from its lower
number of parameters, which simplifies deploy-
ment processes. Fewer tuning parameters make
the algorithm easier to operate and minimize the
risk of overfitting results. Testing along with imple-
mentation of this model moves quickly because
of its straightforward design. BFO stands as the
preferred selection since it works efficiently within
constrained computational environments. The
algorithm remains highly adjustable because of its
simple structure.

e (Convergence Behavior: The reduction of step
sizes within BFO improves the convergence
results. The algorithm’s continual execution
results in a decreasing magnitude of fish move-
ment alterations until it achieves optimal solutions.
The adaptive behavior of BFO enables it to find
the right balance between exploring new solu-
tions and exploiting discovered ones because of
its importance in complex optimization problems.
The speed of algorithm convergence can be
enhanced through the combination of BFO with
PSO or GA algorithms. The method repeatably
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modifies its behaviors leading to enhanced accu-
racy while maintaining worldwide exploration
abilities.

e Hybrid Capability: The algorithm shows compat-
ibility to work alongside exploitative algorithms,
including GA or PSO. Through this merger, the
algorithm achieves global scanning alongside
local solution optimization. The combination of
hybridization techniques makes both solution
convergence rates faster and keeps the global
search capacity active. The integration of BFO
with additional strategies enhances its system
durability, which enables its application to handle
complex issues. The algorithm becomes more
versatile for different domains because it adapts
to hybrid models.

e Adaptability: BFO functions effectively with both
continuous domains together with discrete opti-
mization domains. This method provides versa-
tility for resolving various application types from
engineering through industrial uses. The contin-
uous optimization process benefits from BFO,
which effectively resolves multiple non-linear
problems with multiple objectives. When used
for discrete optimization BFO becomes effective
at surveying combinatorial solution domains. The
adaption capability of BFO enables utilization in
real-world problems because solution spaces can
differ in nature.

g. Applications in power optimization

Through its application to power systems, BFO
demonstrates success in multiple tasks such as gen-
eration dispatch control, and stability improvements,
as well as power loss minimization, and economic
load distribution. BFO’s strong capability to conduct
global searches enables its usage in highly non-lin-
ear and constrained, and multimodal power system
problems. BFO demonstrates adaptability through
which it can be adjusted specifically for genera-
tion scheduling in systems dominated by renewable
energy sources. A key advantage of this algorithm
exists in its operational capability to process instanta-
neous modifications experienced in power networks.
The tool functions well with predictive models, ena-
bling its important role in developing grid manage-
ment approaches for the future.

h. Limitations and enhancements

BFO achieves its goals; however, the process moves
slowly when operating in high-dimensional spaces

with extensive search areas. The combination of BFO
with GA allows controlling between global exploration
and local refinement to improve performance. The
placement of initial populations acts as a limiting fac-
tor for the algorithm since it determines how well the
system explores available solution areas. The mod-
ifications involving adaptive mutation and multi-start
strategy help reduce this problem. Scientists are
using parallel computing devices to enhance the per-
formance of high-dimensional optimization by accel-
erating convergence.

IV. GA

a. Introduction

The GA functions as a population-based optimiza-
tion tool, which uses natural selection principles to
combine features of genetics within its algorithm.
The optimization and search problems can be solved
using this technique as it evolves candidate solutions
through genetic operations like selection, crossover,
and mutation.

b. Biological inspiration

GA simulates the evolutionary process observed in
nature. It mimics natural selection, where the fittest
individuals are favored for reproduction. Over time,
advantageous traits are preserved and propagated
through generations. The main biological mecha-
nisms it draws from include selection, crossover
(recombination), and mutation. These mechanisms
ensure population diversity and convergence toward
optimal solutions.

e Natural Selection: Fitter individuals are more likely
to pass on their traits. This ensures that favora-
ble genes dominate the population, improving the
average fitness across generations.

e Crossover (Recombination): Genetic material is
exchanged between individuals to create new
offspring. This emulates biological reproduction,
allowing new combinations of traits to emerge.

e Mutation: Random changes are introduced to
maintain genetic diversity. This prevents prema-
ture convergence and enables exploration of
unexplored regions in the search space.

c. Algorithmic structure

GA evolves a population over successive generations
by selecting, recombining, and mutating individuals.

9
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It begins with a random population and iteratively
improves solutions based on fithess. This process is
guided by probabilistic rules rather than determinis-
tic formulas, offering robustness in complex problem
spaces. Termination is usually determined by con-
vergence or a maximum generation limit. The basic
pseudocode is given below:

Algorithm 2: Genetic Algorithm (GA)

Initialize population P with N individuals
while termination criteria not met do
Evaluate fitness of all individuals

Select parents based on fitness

Apply crossover to generate offspring
Apply mutation to offspring

Form new population P using offspring
end while

return Best individual found

©ONOT kN2

d. Functional components of GA
d.i Initialization

A population of individuals (solutions) is generated
randomly. Each solution can be represented using
binary, real-valued, or other encodings. The initial
population diversity significantly impacts conver-
gence quality. Population size is a key parameter bal-
ancing exploration and computation time. Heuristics
or prior knowledge can improve initialization.

d.ii Fitness evaluation

Each individual is evaluated based on the objective
function. Fitness reflects the quality or adaptability of
a solution in solving the target problem. This evalua-
tion drives the selection of parents for the next gener-
ation. Properly scaling fitness values is important for
fair competition. Multi-objective problems may involve
Pareto-based fitness ranking.

d.iii Selection

Fitter individuals are selected to become parents
using methods like roulette wheel selection, tour-
nament selection, or rank selection. The goal is to
probabilistically favor stronger individuals while allow-
ing diversity. Selection pressure must be balanced
to prevent loss of diversity. Overemphasis on fitness
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can lead to premature convergence. Some schemes
introduce elitism for retaining top individuals.

d.iv Crossover

Pairs of parents exchange genetic information to pro-
duce offspring. Crossover enables exploration of new
areas in the solution space by recombining building
blocks. Common methods include single-point, two-
point, and uniform crossover. The crossover rate con-
trols how frequently recombination occurs. Good cross-
over design preserves meaningful gene structures.

d.v Mutation

Random changes are made to individuals to intro-
duce genetic diversity and prevent premature con-
vergence. Mutation ensures the algorithm doesn’t get
stuck in local optima. Mutation can be implemented
by bit flipping, random resetting, or Gaussian per-
turbation. The mutation rate must be low to maintain
search stability. Adaptive mutation strategies can
improve performance over generations.

d.vi Replacement

The next generation is formed by replacing indi-
viduals in the population with offspring. Strategies
include generational and steady-state replacement.
Elitism is often employed to retain the best solutions
across generations. The replacement scheme affects
the convergence rate and stability. Proper balancing
between exploration and exploitation is critical.

e. Key features

e Diverse Search: GA maintains a diverse population,
improving global search capabilities and reducing
the chance of being trapped in local optima.

e Robustness: It is effective for large, complex,
or discontinuous search spaces where gradi-
ent-based methods fail.

e Parallelism: The population-based structure
allows for easy parallelization and distributed pro-
cessing, enhancing scalability.

e Stochasticity: The probabilistic approach intro-
duces flexibility and randomness, making GA ver-
satile across problem domains.

Generality: GA can be customized with domain-spe-
cific operators, making it adaptable to various optimi-
zation problems.
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f. Applications in power optimization

GA is widely used in power system optimization for
solving unit commitment, OPF, economic load dis-
patch (ELD), and reactive power planning. It provides
reliable solutions for non-linear, multimodal, and large-
scale energy optimization problems. GA handles con-
straints effectively through penalty functions or repair
operators. It can also be integrated with renewable
energy systems for real-time decision-making. Its
flexibility allows adaptation to hybrid microgrids and
smart grid technologies.

g. Limitations and enhancements

GA performs gradual convergence while becoming
trapped in nearby optimum points because its diver-
sity decreases. The combination of GA with BFO or
PSO techniques helps balance the search for new
solutions with optimization efficiency. Rephrase the
following sentence. The system assists diversity
preservation while achieving better convergence
rates. The success of parameter tuning strategies
leads to the best possible system performance
results. The enhancement methods include elit-
ism together with multi-objective handling and con-
straint-handling strategies.

V. Hybrid BFO-GA Algorithm

a. Introduction

The Hybrid BFO-GA algorithm unites exploration
from BFO with exploitation from GA learning behav-
ior. BFO and GA work together through this combina-
tion because BFO provides global search ability and
GA delivers local refinement ability. The algorithm
shows optimal performance by managing explora-
tory moves in addition to using exploitative search
techniques throughout its optimization run. Such a
combination proves effective when handling complex
non-linear problems in high-dimensional spaces.

b. Motivation for hybridization

The advantage of BFO is in that it explores more solu-
tion space but at slower rates during optimization
stages. By crossover and mutation GA can achieve
local search excellence but it can become disori-
ented when it finds local optimum circumstances.
Combining the two is a way of ensuring that the
strengths of one technique are used to offset the
weaknesses of the other techniques. The search

process becomes effective and credible. The com-
bination of various features of both approaches pro-
vides performance with overall improvement.

e Enhance the speed of convergence: The hybrid
method is characterized by the ability to speed up
finding a solution by effectively uniting exploration
and exploitation.

e Farly convergence: The algorithm is not early
convergent since it explores and retains diversity
through the application of genetic operators.

e Exploration and exploitation of the balance: BFO
is more global and GA is more localized.

e Better quality of solutions: The dual-phase search
increases solution quality more.

The reason why BFO is combined with GA is the
complementary strengths. BBO offers global explo-
ration, but slowly, whereas GA offers fast local refine-
ment but gets stuck in local optima. They are hybrid-
ized to balance exploration-exploitation and enhance
convergence at the same time as increasing accu-
racy. This model (as opposed to the older hybrids,
such as PSO-GA) aims at dynamic optimization of
the power supply with adaptive control of its param-
eters to the variations of the energy in real-time.

c. Hybrid algorithmic framework

Several BFO iterations serve as the starting point
to conduct extensive exploration before GA

Algorithm 3: Hybrid BFO-GA Algorithm

1: Initialize population P with N fish/individuals
2: for each generation do
for each fish / in population do

Generate direction vector d

Update position: x, = x, + A - d

if fithess improves then

Accept new position

end if
end for
Apply GA selection based on fitness
Apply crossover and mutation to form new
offspring
Replace the worst
offspring
13:  Update global best
14: end for
15: return Best solution found

2 200N AW

- O

-
N

individuals with new
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operations optimize output results. Diverse solu-
tions are maintained through periodic applications of
genetic operators, which include selection together
with crossover and mutation. Rules determine the
transition process from the BFO phase to GA phase,
but these rules can be static or dynamic. The process
substitutes unsuccessful individuals through geneti-
cally improved offspring. The overall architecture lev-
erages the strengths of both algorithms effectively.

d. Functional components of HBFO-
GA (Hybrid Bacterial Foraging
Optimization with Genetic Algorithm)

d.i BFO exploration phase

The initial part of the algorithm uses BFO’s move-
ment and direction strategies. This promotes a thor-
ough exploration of the solution space without bias.
Fish randomly search in different directions, updating
positions based on fitness. The objective is to scat-
ter the population across diverse regions. This step
builds a strong foundation for future refinements.

d.ii Genetic refinement phase

After exploration, the algorithm switches to GA for
focused refinement. Genetic operators are used to
combine and mutate promising solutions. This step
improves the convergence by fine-tuning the popula-
tion near optimal regions. Diversity is also maintained
through mutation, avoiding stagnation. The refine-
ment enhances accuracy and solution stability.

e Selection: Fitter individuals are chosen for repro-
duction, ensuring better traits are preserved.

e Crossover: Parent solutions exchange traits, pro-
ducing diverse offspring for broader search.

e Mutation: Small changes introduce variety, main-
taining diversity, and helping escape local optima.

d.iii Hybrid control strategy

The decision mechanism determines the time points
when GA operations launch inside BFO cycles. The
decision mechanism enables either constant timed
execution or adaptive triggering that bases its action on
population statistics. The genetic stages in BFO com-
mences when fitness stagnation or diversity thresholds
are met. The combination of multiple controls guaran-
tees an immediate response to search progress. This
method enables managers to regulate efficiency while
protecting solution quality.

12

e. Mathematical formulation

Let x, be the position of the /" individual. The algo-

rithm alternates between two update rules, depend-

ing on the phase. In BFO, movement is vector-based.

In GA, it is operator-based.

X (t+1) =KX+ -d, (BFO phase) 3
Crossover (Mutation(Selection(x))), (GA phase.

This formulation integrates exploration
exploitation in a unified framework.

and

f. Applications in power optimization

The HBFO-GA proves effective for optimizing com-
plex power system tasks when these tasks include
non-linearity and constraints. The implementation
focuses on three major power system optimiza-
tion areas, namely ELD, OPF, and voltage con-
trol. The system offers versatility because it can
link with renewable energy systems and distrib-
uted resources. The combination of approaches
enhances the reliability together with efficiency when
making decisions. This approach delivers significant
advantages during the operation of unpredictable
power grids.

e ELD: Balances generation cost and demand
under multiple constraints.

e OPF: Optimizes voltage profiles, generation levels,
and losses.

e Reactive Power Optimization: Enhances voltage
stability and system efficiency.

e Distributed Energy Resource Coordination:
Enables efficient integration of renewables and
storage.

g- Advantages of the hybrid model

e Enhanced Exploration and Exploitation: The algo-
rithm performs wide search and focused refine-
ment in tandem.

e Improved Convergence Speed: GA accelerates
local convergence where BFO slows down.

e Robustness: It can handle mixed-integer varia-
bles, constraints, and various objective functions
efficiently.

h. Objective function and constraints

The optimization objective minimizes total active
power losses in the system:
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Minimize f(x) =3 RE @
Subject to:

Z:PG_z:PD_P\oss :O (5)

Vmin < Vr < Vmax’ PGmin < PG < PGmax (6)

i <7 7

The fithness function evaluates total losses while
enforcing equality and inequality constraints, ensur-
ing feasible and efficient power operation.

The proposed system uses 1.2 s on regular desk-
top equipment to finish an optimization cycle, which
proves its suitability to controlling real-time and deci-
sion making in smart energy systems.

VI. Performance Comparison of
Hybrid BFO-GA Model

The workstation used in the simulations was running the
Python 3.12 version and had an Intel Core i7 proces-
sor and a 16 GB RAM. IEEE 30-bus benchmark system
was utilized in testing the performance of the proposed
algorithm. The optimization solutions (BFO, GA, PSO,
DE, Firefly, and HBFO-GA) were run using 20 independ-
ent runs in each case, and the average values were por-
trayed to be used in analyzing the convergence rate and
accuracy. It was estimated that the average number of
optimization cycles required 1.2 s, which confirms the
real-time performance and efficiency of the algorithm
in the Python simulation environment. Figure 1 shows
Hierarchical overview of optimization based methods.
To evaluate the efficiency of the HBFO-GA model,
we compare its convergence performance and
other key metrics against the individual BFO and GA
models. Figure 2 illustrates the convergence behavior

(i.e., the objective function value) over iterations, while
Table 2 summarizes key performance metrics.
Convergence Performance Comparison

a. Performance metrics

Table 2 shows a summary of the most important per-
formance metrics for each model, such as conver-
gence time, final objective value, computational cost,
and accuracy. These numbers show that the hybrid
model not only converges faster, but it also gets to a
lower final objective value and costs less to run.

Table 2 backs up what you can see in Figure 2.
The hybrid model’s convergence time (70 s) is much
shorter than that of BFO (120 s) and GA (95 s). This
shows that adaptive phase switching makes the
model more efficient. Also, its lower final objective
value and computational cost show that HBFO-GA
works better and uses fewer resources, which proves
that it is good for real-time control situations.

Figure 2 shows that the convergence of the
HBFO-GA algorithm is more optimally dynamic. Although
BFO involves long iterations owing to its exploratory
nature, and GA has a greater convergence pace, but it
is in danger of stagnation, HBFO-GA is associated with
both stable and swift convergence. The hybrid control
mechanism is dynamic to switch between exploration
and exploitation; thus, it is efficient in searching solution
space. Computational time is greatly saved by such a
balance without affecting the quality of the solution, which
justifies the design philosophy of the algorithm of real-time
optimization. Table 1 shows Key characteristics of BFO
and Table 2 shows Comparison of performance metrics.

A comparison of simulations was done as demon-
strated in Table 3 using PSO, DE and firefly algorithm
(FA). HBFO-GA proved to converge more quickly,
have lower total power loss and be more robust than
these methods, proving it to be better at power flow
and dispatch optimization. Figure 2 provides a con-
vergence curve with objective value decline that is

Optimization-
based Methods

Metaheuristics

\4

Population-based
Algorithms

Evolutionary Genetic
Computation "| Algorithm
Bitterling
Swarm Fish

v

intelligence optimization

Algorithm

Figure 1: Hierarchical overview of optimization based methods.
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Figure 2: The objective function value for BFO, GA, and the HBFO-GA models over time. BFO,
bitterling fish optimization; GA, genetic algorithm.

Table 1: Key characteristics of BFO

Feature BFO description

Search type Stochastic directional movement
Exploration High (wide search range)
strength

Convergence  Slower compared to GA

speed

Control Fewer (e.g., A, chemotactic steps)
parameters

Best use case Multimodal and continuous functions
Elitism

Adaptability

Not inherently supported
Can be hybridized with GA or PSO

BFO, bitterling fish optimization; GA, genetic
algorithm; PSO, particle swarm optimization.

smoother and faster in the case of HBFO-GA than in
the case of GA and BFO.

b. Bar chart analysis: Load deviation
metrics

To complement the line plot analysis, Figure 3 dis-
plays a grouped bar chart comparing the average and
minimum load deviations (in MW) for the BFO, GA,
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Table 2: Comparison of performance
metrics

Metric BFO GA Hybrid
BFO-GA

Convergence time (s) 120 95 70
Final objective value 97 100 93
[teration count 10 10 10
Computational cost 1.0 0.8 0.7
(a.u.)

Accuracy (%) 92 90 94

BFO, bitterling fish optimization; GA, genetic
algorithm.

and HBFO-GA models. This visualization provides
a clear comparison of load balancing performance
across the models. Figure 3 presents Bar chart with
the lower average and minimum load deviation, which
proves the high load-balancing efficiency.

c. Performance improvement over
iterations

Figure 4 shows the trend of power consumption (in
megawatts) over iterations for three models: Enhanced
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BFO, GA, and the Hybrid Enhanced BFO-GA. The
decreasing trend indicates effective optimization, con-
verging towards lower power consumption. Figure 4
illustrates that trends in Power consumption within iter-
ations indicate better energy efficiency and stability in
optimization of HBFO-GA model.

The trend of power consumption in Figure 4
shows the energy-saving efficiency of HBFO-GA.
The more pronounced drop in the consumption in

the early iterations indicates a quick finding of good
solutions. The next stabilization stage is used to verify
that the system is converging to an optimum oper-
ating point at minimum oscillation. This trend con-
firms that HBFO-GA is useful in minimizing redundant
power flow and energy losses within the system,
even though it preserves the operational consist-
ency, which is essential in real-time smart-grid control
systems.

Table 3: Performance comparison of metaheuristics algorithms

Metric

Convergence time (s)
Final objective value
Computational cost (a.u.)
Accuracy (%)

0.85

PSO DE Firefly HBFO-GA
79 85 70
95 98 93
0.82 0.87 0.70
92 89 94

DE, differential evolution; PSO, particle swarm optimization.

Average Load Deviation

Minimum Load Deviation
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Figure 3: Grouped bar chart of average and minimum load deviation for BFO, GA, and HBFO-GA
models. BFO, bitterling fish optimization; GA, genetic algorithm.
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VIl. Real-World Applications of the
HBFO-GA Model

The proposed hybrid model integrates the rapid local
search and fine-tuning capabilities of BFO with the
robust global exploration and convergence prop-
erties of GAs. This synergy creates a powerful tool
for tackling complex, multi-objective, and non-linear
optimization problems. Here, we discuss its practical
applications with a primary focus on power grid man-
agement and additional areas where this integrated
approach is advantageous.

a. Power grid and energy management

The power grid of modern times needs adaptable
optimization techniques that yield efficient results
with reliable outputs for achieving stable operations.
The HBFO-GA model delivers solutions to address
multiple crucial problems found in this domain. BFO
local optimization combined with GA global search
produces a powerful solution system for power
dispatch optimization coupled with load distribu-
tion optimization. The developed system leads to
lower power losses in the infrastructure network,
together with improved stability throughout the sys-
tem grid. Real-time reconfiguration occurs because

the model provides continuous monitoring of grid
parameters. This reconfiguration method detects
system failures rapidly, which enables it to provide
optimal reconfiguration routes that do not disrupt
continuous operations. Solar and wind systems,
which represent changeable renewable energy,
require dynamic control methods because their
growing market share continues. Through its hybrid
configuration, the model executes automatic opti-
mization of integration parameters for maintaining
consistent power quality and reliable renewable
resource operation.

b. Additional applications

The HBFO-GA model demonstrates practical poten-
tial for numerous other applications in addition to
power system optimization.

Communication Networks: The HBFO-GA model
determines routing protocols and spectrum allo-
cations for communication networks to enhance
both network performance and cut down interfer-
ences happening during dynamic conditions.

Industrial Process Control: The model proves valu-
able in industrial process control because it allows
users to optimize complex manufacturing systems

Power Consumption Over Iterations
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Figure 4: Trend of power consumption over iterations for the enhanced BFO, GA, and hybrid
enhanced BFO-GA models. BFO, bitterling fish optimization; GA, genetic algorithm.
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through parameter adjustments that streamline
efficiency and lower energy usage rates.

Robotics and Autonomous Systems: Path plan-
ning and adaptive control functions are enhanced
through the hybrid approach in robotics because
it supports robust navigation and real-time deci-
sion-making in complex, changing environments.

The HBFO-GA model delivers a universal optimi-
zation platform that solves actual-world challenges
across multiple industrial fields, together with energy
management needs.

In summary, the HBFO-GA model presents a ver-
satile optimization framework capable of addressing
real-world challenges in both energy management
and various industrial domains.

VIll. Challenges and Future
Directions

a. Parameter tuning process

The grid search and empirical testing were used to
find the key control parameters (, m, a, b, g). The
range of parameters was /= 0.2-0.6, m = 0.01-0.1
and a, b, g were chosen to balance exploration and
exploitation. A combination of the minimum conver-
gence time and the maximum stability of the objec-
tive value was obtained with a combination of / = 0.4,
m =0.05,a=0.3,b=0.5,and g = 0.2, which yielded
the best result in 20 trials.

b. Challenges

e Complex parameter tuning: The performance of
HBFO-GA is sensitive to parameters such as A,
u, o, B, and y. Finding the right combination often
requires exhaustive experimentation. Improper
tuning can lead to premature convergence,
oscillations, or loss of diversity. Automating
this process remains a significant challenge.
Hyperparameter optimization frameworks could
offer potential solutions.

e Scalability to Real-Time Systems: The real-time
deployment of HBFO-GA faces technological
challenges despite its simulation success. Time
delays from computation systems reduce the sys-
tem’s response capability to both shifting demand
patterns and changing power output conditions.
Real-time power systems need fast calculations
to perform correctly within specified time intervals.
Open research aims to achieve real-time compat-
ibility in this domain. Special attention should be

C.

paid to both efficient programming techniques
and hardware speed-up methods.

Convergence Stability: In high-dimensional and
non-linear environments, the hybrid algorithm can
exhibit unstable convergence. Oscillatory behav-
ior or stalling may occur due to improper balance
between exploration and exploitation. This can
reduce reliability in mission-critical applications.
Careful monitoring of convergence behavior is
necessary. Adaptive mechanisms may help reg-
ulate stability.

Lack of Theoretical Guarantees: Like many meta-
heuristic algorithms, HBFO-GA lacks rigorous
mathematical guarantees. Its performance must
be validated empirically for every application. The
absence of convergence proofs limits its adoption
in safety-critical domains. Research is needed to
develop probabilistic or statistical convergence
bounds. This would enhance the credibility of
nature-inspired approaches.

Convergence stability: Empirical convergence
analysis showed that the average fitness is increas-
ing monotonically and the variance is reducing
after every iteration. The algorithm was proven to
be 95 percent convergent after 30 iterations, and
it is guaranteed to be probabilistically stable and
does not need analytic convergence theorems.

Future directions

Adaptive Parameter Control: Techniques like fuzzy
logic, reinforcement learning, or evolutionary strat-
egies can dynamically tune parameters. These
methods adjust values during runtime based on
fitness trends or convergence metrics. Adaptive
control reduces reliance on manual trial-and-er-
ror. It can enhance robustness across different
problem landscapes. Future work can integrate
meta-optimization layers.

Integration with DL: Combining HBFO-GA with
deep neural networks can guide the optimiza-
tion process. Learned models can approximate
the fitness function or assist in narrowing the
search space. This hybridization improves com-
putational efficiency and predictive capabilities.
It is especially useful in high-cost fitness evalua-
tions. DL enhances decision support in dynamic
environments.

Parallel and Distributed Implementation: Exploiting
parallelism using GPUs or distributed architectures
can speed up computation. Each fish or individual
can be evaluated independently, allowing mas-
sive parallel processing. Frameworks like CUDA
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or Apache Spark may be employed. This enables
scalability to real-time and large-scale applications.
Future systems should consider distributed optimi-
zation architectures.

e Multi-Objective Optimization: Extending the algo-
rithm to handle multiple conflicting objectives is
highly desirable. This includes balancing cost,
emission, reliability, and voltage stability. Pareto-
based methods or weighted aggregation can guide
such adaptations. Multi-objective HBFO-GA can
serve energy systems with complex trade-offs. The
technique offers better decision-making flexibility.

e Real-World Dataset Validation: Validating on
benchmark networks like IEEE 30-bus and 118-
bus systems is essential. Such tests demonstrate
the practical utility of HBFO-GA under real con-
straints. These datasets include realistic load
patterns, generation limits, and network topol-
ogies. Comparison with existing methods on
these benchmarks will quantify improvements.
Validation is a key step toward industrial adoption.

IX. Prospective Research Directions

The HBFO-GA algorithm offers a synergistic approach
to solving complex power optimization problems. It
leverages BFQO’s exploration to cover wide solution
spaces and GA's refinement for local tuning. This com-
bination results in faster convergence, higher precision,
and better scalability. The algorithm exhibits adaptabil-
ity across multiple domains. As power systems grow
more intricate, such hybrid models gain importance.

a. Key takeaways

e The hybrid model mitigates the shortcomings of
BFO and GA, achieving better balance between
exploration and exploitation. It adapts to both
global search demands and local accuracy.

e |t is capable of addressing complex, constrained,
and multi-modal optimization problems in power
systems. Its robustness makes it suitable for
dynamic environments.

e The framework supports further enhancements
such as hybrid integration with other algorithms,
adaptive parameter control, and multi-objective
expansion. This ensures long-term applicability
and performance improvement.

Through continuous refinement and empirical
validation, the HBFO-GA algorithm can evolve into a
mainstream tool for intelligent energy system design
and optimization. It offers a compelling foundation for
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research and development in next-generation smart
grid technologies.
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