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Abstract: The Job Shop Scheduling Problem (JSSP) has become one of the key issues in a contemporary
manufacturing system in which the task is to optimally schedule jobs to the machines to reduce the time and resources
used in production. Good scheduling is critical in enhancing the productivity and competitiveness of manufacturing
industries. In this research, Artificial Fish Swarm Optimization (AFSO) algorithm is used to optimize the JSSP in
minimizing makespan, total work load and maximum work load in machines. The AFSO strategy models the swarm
behavior of fish to search and forage the search space in an efficient manner to prevent its early convergence to local
optima. The model incorporates a perturbed global state to improve the direction in search and the speed of convergence.
The effectiveness of the suggested AFSO method is compared and tested with the traditional and sophisticated
optimization algorithms like Particle Swarm Optimization (PSO) and Artificial Bee Colony (ABC) methods. The
experimental findings prove that the proposed technique provides better results in convergence rate and solution quality.
The results prove that AFSO is a useful and promising method of solving complex problems in production system
scheduling.

Index Terms: Scheduling, JSSP, Artificial Fish Swarm Optimization, Multi-Objective Optimization.

1. Introduction

In the age of the Industry 4.0 and intelligent manufacturing, optimization of the production schedule has become
one of the most important challenges in order to increase productivity, decrease the cost and deliver the products in time
[1]. The JSSP is one of the most complicated and the most discussed scheduling problems because it is a problem of
combinatorial (and therefore wide industry) application [2, 3]. The JSSP is a process that is concerned with assigning a
group of jobs to machines, where each job must adhere to a particular sequence of operations without conflicting with
resource constraints or precedence. The main goal is to reduce the parameters like makespan, total workload and
maximum workload that have great impact on the performance of manufacturing and the throughput efficiency [4].
Given that JSSP is an NP-hard problem, it becomes computationally intensive to compute the best solutions using either
standard mathematical programming or exact methods as the problem size grows.
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JSSP has been studied using traditional methods like branch and bound, dynamic programming and dispatching
rule which in most cases fail to provide satisfactory results when used in large scale or dynamic systems [5]. As the
sphere of artificial intelligence develops, metaheuristic algorithms provide good alternatives to the creation of complex
optimization problems. Inspired by natural physics algorithms such as Genetic Algorithms (GA) [6], Simulated
Annealing (SA) [7], Ant Colony Optimization (ACO) [8], Particle Swarm Optimization (PSO) [9], Artificial Bee
Colony (ABC) [10], bat algorithm [11], social spider optimization (SSO) [12], and hybrid approaches [13-15] have been
successful in exploring high-dimensional solution space and have produced near-optimal results with scheduling. As an
example, Wang et al. [9] have shown that PSO is effective at decreasing makespan in flexible manufacturing systems;
although it tends to get stuck in local optima. In the same regard, Karaboga and Basturk [16] emphasized that the ABC
algorithms have high exploration degree but low exploitation efficiency to optimize candidate solutions.

The AFSO algorithm has been proposed as an alternative to address these limitations in solving the JSSP. AFSO
replicates the social and foraging activities of fish swarms including preying, swarming, and following to find a balance
between exploration of the global and exploitation of the local [17]. This research incorporates a perturbed global state
in the AFSO model in order to improve its convergence rate and search flexibility. The chosen AFSO-based solution is
supposed to reduce the makespan, overall workload, and maximum workload without premature convergence and
population diversity.

The proposed algorithm is compared to the existing metaheuristic techniques and especially PSO and ABC to
measure the performance of the algorithm. The experimental data proves that the AFSO can reach better convergence
rate and quality of the solutions. Therefore, the study is relevant to the evolution of smart scheduling tools, as it can
provide a solid and effective optimization platform to help face the complicated industrial scheduling problems.

2. Literature Review

Job-shop and flexible job-shop scheduling studies have placed more emphasis on modelling and optimizing
uncertainty to enhance metaheuristic search to achieve a robust and quality schedule in the presence of realistic
production disruptions. Xie and Chen [18] investigated the flexible job-shop scheduling problem of interval grey
processing time to reflect the vagueness in the processing time and found that grey-based modeling yielded more
accurate schedules where accurate information is not available. They emphasize the relevance of models that are
uncertain-aware to manufacturing systems in their approach. Similarly, Ahmadi et al. [19] tackled the FIJSSP in the
context of random machine breakdowns with multi-objective evolutionary algorithms, providing evidence that, when
stochastic disruptions are considered in the formulation of the objectives, schedules that better trade off makespan,
workload balance and resilience are obtained. On this basis, there are more recent results that have integrated
uncertainty modeling and sophisticated metaheuristics to enhance both the quality and robustness of the solutions.
Recently, a flexible job-shop scheduling algorithm that models processing-time uncertainty by the use of generalized
grey numbers was proposed and has shown better makespan performance in the presence of interval uncertainty in
comparison to grey operations [20]. Simultaneously, thorough surveys of the FJSP literature underline that hybrid and
population-based metaheuristics (e.g., PSO, GA, ACO, ABC) are also one of the most efficient to be used with large
and dynamic problems; however, they frequently need problem-specific improvements to prevent early convergence
and to tackle uncertainty [21].

As a swarm intelligence method, AFSO has experienced a revival of interest because of its adaptive neighborhood
interactions and behavioral operators (preying, swarming, following). Recent surveys and methodological papers have
summarized the betterment of AFSO, such as diversity operators, normative variants, and hybridizations, which expand
exploration, preserve population diversity, and yield higher convergence reliability than their base implementations.
This suggests that variants of AFSO can rival or do better than traditional metaheuristics when applied to discrete
encodings of the scheduling problem [22]. As an example, both variants of diversity-operator-enhanced AFSO applied
to flexible job-shop problems yield improved avoidance of local optima and greater spread of solutions, which is
particularly useful when multi-objective formulations are used (including workload balance and robustness measures)
[23]. Lastly, the move towards hybrid metaheuristics remains: recent 2023-2024 works propose hybrid schemes (e.g.,
evolutionary techniques with local search or simulated annealing) with faster convergence and stronger makespan
performance on benchmark JSSP problems, which supports the hypothesis that global search (population-based) and
intensification (local search or perturbation) can work well as a design principle of scheduling optimizers [24].
Kourepinis et al. [25] developed a discrete version of Urban Transit Routing Problem (UTRP), a complicated
combinatorial optimization problem, that offers a route optimization and minimizes the cost, using the AFSO algorithm.
Their model suitably models the fish behaviors within a discrete search space by specially designed movement
operators and route encodings. Comparisons with fourteen metaheuristics provided in the form of experimental
comparisons showed that the suggested AFSO had better solution quality and faster convergence. Despite the fact that it
was developed in the context of the urban transit systems, this study lays the foundation of the potential of the AFSO in
the discrete scheduling areas and it will provide the methodological basis applicable in the optimization of job shop
scheduling.

Based on the synthesis of earlier work, it can be seen that AFSO-based procedures would be highly appropriate in
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addressing the dynamic quality of today's production scheduling. Nonetheless, a research gap still exists in the AFSO
application in classical JSSP environments where makespan, total workload, and maximum workload must be
optimized simultaneously. Local trapping can be overcome and convergence can be accelerated by the incorporation of
a perturbed global condition and adaptive movement strategies. Based on these observations, this paper proposes a
better AFSO-based methodology that reduces the total workload, maximum workload and the makespan of the loaded
machine for JSSP.

3. Proposed Model

For the JSSP, knowledge of various swarm optimization models is taken into account. Every job in JSSP is carried
out in a particular order on machines with a processing time. Each machine in this approach processes a single work at a
time. Typically, ‘M’ machines and ‘N’ jobs are used for scheduling purposes. Different routes or sequences are used to
process the jobs under consideration. Therefore, the amount of machines, jobs, and job sequences determines how
difficult it is to schedule jobs.

3.1. Objective Function for JSSP

Three goals, machine workload, overall workload, and makespan time were taken into account in the proposed
JSSP process. It is represented by and, accordingly, for the research, a pool of machines and jobs M; and J; which are
represented in equation (1) & (2).

M; = {M,,M,,Ms,....M,} (1)

]i = {]1']2']3' ]n} (2)

Every work in JSSP is made up of a series of operations {0 j, 0,, O3}, .... O,;} of which must be carried out for the
job to be finished. One machine from a set of specified machines is needed for each process to be completed. Every
objective function is minimized, with the following constraints:

Makespan Time: Min F1 = max; < g <n{Tjem ;.. } )
Total Workload: F2 = Y7 Ty * Py )
Maximum workload: Max F2 = max;<x<n Doney Tinke * Piji (%)

where, ‘m or M’ denotes the number of machines; ‘n or N’ denotes the number of Jobs; ‘%,” denotes the number of the
machines in k™ job; ‘O;;’ is the operation of ‘n’ machine with ‘n” jobs; ‘P’ is the processing time of each job with each
machine, and ‘Tj+, " denotes the job completion time for each ‘O;;’.

The task assignment sub-problem assigns each operation to the proper machine for simple analysis. A sequence of
actions on each machine is calculated in one of the sub-problems related to sequencing. All jobs ‘N’ are scheduled for
processing at time zero if all machines ‘M’ are available at that moment. No restrictions on the order in which different
work procedures can be completed. Every machine has a predetermined processing period for its processes, and during
that time, there are very few machine interruptions. One of the most recent combinatorial optimization challenges is
JSSP. Its scheduling problem is computed using the order of operations performed on machines that demand the least
amount of processing time to complete the job. The number of machines is represented by the symbol ‘M’, and the
number of distinct jobs that need to be planned is represented by the sign ‘J’. Every job has several steps that need to be
completed on certain equipment within a predetermined amount of time.

3.2. Suggested Swarm Improvements

Swarm intelligence optimization is a metaheuristic technique that operates on the notion of swarm behavior. The
introduced approach finds the best solution to the limited problem by encouraging collaboration and competition among
initialized individuals. The swarm intelligence optimization approach that is being described is a novel algorithm that
has received significant attention. In this research, AFSO, a swarm based optimization technique is applied for JSSP.
Because the JSSP is a combinatorial optimization problem, the continuous position representation of AFSO is converted
to a discrete representation. In this work, any artificial fish is a possible job sequence, that is, the processing sequence of
operations on machines. A fish position is represented as a one-dimensional permutation vector of job indices, in which
each job appears as many times as the number of its operations. The listing of the job indices in the order dictates how
the respective operations will be carried out, within the established technological limitations of the job. When decoding,
the order is searched through left to right, and the subsequent job that will not be scheduled is allocated to the demanded
machine at the latest opportunity possible. This encoding is such that all precedence constraints are maintained and all
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fish positions are associated to valid schedules. Permutation-based operators as swap, insertion and exchange sequences
are used to explore the solution space efficiently by means of discrete fish behaviors, like preying, swarming and
following.

A. Artificial Fish Swarms Optimization (AFSO)

In a swarm, a fish normally continually adjusts its position to the surrounding conditions and its state. The
movements of each fish seem random, but in reality, they are incredibly coordinated as they travel toward the goal, as
shown by the AFSO flowchart in Fig. 1. Fish adhere closely to their swarms to avoid collisions with other fish and to
defend themselves from predators while continuously searching for food [26]. These actions were sparked by the
development of novel algorithms that can reasonably efficiently tackle optimization problems. The global optimal
solution of the JSSP makespan time analysis is obtained by the algorithm through the employment of artificial fishes,
which are individual fishes that explore locally.

In the new AFSO approach for JSSP, a solution refers to a workable schedule that allocates the sequential
arrangement of all activities on machines and fulfills the technological precedence limitations and respects machine
capacity constraints. Makespan minimization objective is used to assess the quality of a solution. The flow diagram
shown in Fig. 2 establishes the solution's fitness value. This unique model and the JSSP process, which are described in
detail in the section below, consider the important stages such as prey behavior, fish swarm behavior, and fish follow
behavior.

Fig. 1. Concept of AFS algorithm.

(i) Solution Initialization
Equation (6) shows how long the JSSP takes to process, starting with the magnitude of the benchmark jobs and
integer values.

M,, = {rand(P, 1) = (UL — Ib) + I} (6)

(i) Fish Prey behavior

The fitness value of each fish serves as a proxy for the sequence of food-seeking behavior. The fish is in the more
promising region of the search space if the measured value is high, which corresponds to a high fitness value. The fish
will move swiftly toward a body of water that has more food when they find it. Assume M;, I; for the moment it is self-
assuredly within its detecting range.

Prey: M; = M; + visual.rand @)
e+ _ o, MM
Mi = Ii + W .Step. rand (8)

Target capability esteem is the expression used to describe the fish's fixation on sustenance in this posture,
d;j = ||Mi - Mj”. There is a division between the artificial and random fish here ‘i’ and ‘j’. Where Step indicates the
largest stride size of the produced fish and Where generates random integers between 0 and 1. The fake fish appears just
inside the hover's inward range, extending to the length of the field of vision, as indicated by the distinct acts in
equation (8).
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(iii) Fish Swarm Behavior

Naturally, swarming ensures the colony's survival and keeps threats at bay. Similar to this, fish swarm behavior
involves the assembly of fish in groups during movement. Assume ‘M;’ that the present condition of the AF, its center
of gravity M, and the amount of its neighbors in the neighborhood fish are all counterfeit fish M;(D;; < Visual). The
swarm's behavior (F1, F2 and F3) is updated based on which fitness functions are greatest and lowest.

(iv) Fish Follow Behavior

When fish locates food, it moves to follow its neighbors and eventually reaches the place where it is possible. The
fish's condition is examined from its visual neighbors to determine its optimum state (Mmax). The number, if D;; <
Visual of partners indicates that the area around the fish has more food and is less congested, which also allows the fish
to advance to the front of the group Mpa«. Commonly, investigating behavior is carried out using condition (9).

Swarm: MY = M© + MM, t d 9)
- M = M M step.ran
l l | P

(v) Move and Leave Process

In reality, fish move randomly in the water because they are searching over wider areas for companions or food.
The departure protocol stops somewhere in the water; all AFs will behave in the same way, and after a few cycles, the
difference between the objective values (food concentration, FC) becomes less pronounced. This could lead to a
localized extreme where the parameters are randomly changed to the [25] still states for the jumping outflow state.

Leave and Move: M = M© 4 o« rand (10)

[ Solution Initialization }

4
[ Fitness Evaluation }

Y

-
»|  Update New Fishes ‘
L 4
Behaviour Selection ‘
v v v
‘ Prey Behaviour ‘ Swarm Behaviour ‘ ‘ Follow Behaviour
v

‘ Compare Updated Solution |

No Ts Condition
Satisfied

Optimal Solution

Fig. 2. Flowchart for AFSO.
Condition (10) says that these activities are stochastic. Fish restricted by extreme local characteristics tend to move

toward a small subset of fish while monitoring the total value, leading to AF's escape from the local optima. Above the
mathematical formula, ‘P;’ the center position ‘M.’, upper and lower bounds, processing time, and J¥*M problem ‘ul and
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II” are represented.
B. AFSO Pseudo Code
Pseudo-Code for AFSO used here to optimize JSSP is presented below:

Begin
Initialize system environment (MATLAB R2016a)
Load JSSP benchmark instances (BP1 — BP8)
For each benchmark instance do
Forrun=1toR (R =30) do
Set random seed using rng(run)
Initialize fish population:
Generate Nf feasible job—operation sequences
Ensure job precedence and machine constraints
Evaluate initial population:
Compute makespan for each fish
Identify current global best solution
iter — 1
While iter < Itermax do
For each fish i’ in population do

Preying behavior:
Explore neighboring job sequences
Accept better sequence based on makespan
Swarming behavior:
Move toward neighborhood center
If crowd condition satisfies 0
Following behavior:
Follow best neighboring fish
If improvement exists
Update fish position:
Apply discrete permutation operators
Repair infeasible sequences if required
End For
Evaluate updated population
Update global best solution
iter < iter + 1
End While
Record performance metrics:
Best makespan
CPU execution time (tic—toc)
Workload-related measures
End For
Compute Relative Gap w.r.t. best-known solution
Store benchmark results
End

C. AFSO Parameters

The various parameters considered for the AFSO algorithm used in this research are mentioned in Table 1.

Table 1. Parameters of AFSO model in JSSP.

Parameter Value Description
Population size 250 Number of artificial fish
Visual distance 36 Number of neighboring job positions explored
Step size 1.2 Maximum permutation move per update
Crowd factor Otol Threshold to prevent overcrowding
Try number 28 Attempts for preying behavior

3.3. Adaptation of AFSO to Discrete JSSP

In the suggested AFSO algorithm of the JSSP, a sequence of job-operations is represented by an artificial fish. The
classical continuous homogenous behavior of preying, swarming and following are modeled in the discrete
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combinatorial space with permutation-based operators. Preying explores the local neighborhood by creating sequences
by way of swap or insertion or inversion moves and adopts a new sequence in case it minimizes the makespan without
violating precedence constraints. Swarming directs a fish towards the consensus schedule of neighbors using limited
discrete operations to approach shared job orderings and managing overcrowding with a crowd factor. After steps of
moving a fish to the neighbor sequence with the most favorable performance with discrete adjustments, which
guarantee the possibility of schedules. These changes preserve the stochastic exploration-exploitation equilibrium and
improve and optimize finding high-quality schedules in discrete JSSP problems.

3.4. Performance Evaluation Metrics

To evaluate the efficiency of the proposed AFSO-based scheduling approach, three metrics are employed: relative
gap, CPU execution time, and efficiency. Relative gap measures solution quality with respect to the best-known
makespan, while time-normalized efficiency captures the trade-off between solution quality and computational cost.
The relative gap [Equation (11)], defined as the percentage deviation of the obtained makespan from the theoretical
lower bound (maximum machine workload), provides a scale-independent measure of solution quality. A lower relative
gap indicates that the generated schedule is closer to the best achievable performance for the given problem instance.

Makespan—Maximum Workload

Relative Gap = * 100 (11)

Maximum Workload

The CPU execution time was observed by using stop watch.

4. Result and Discussion

This suggested JSSP optimization was carried out using MATLAB R2016a. All experiments were conducted on a
desktop system equipped with an Intel Core i5 processor, 4 GB RAM, running Microsoft Windows (64-bit). Each JSSP
benchmark was independently executed 28 times using different random seeds. For each run, the algorithm was
initialized randomly, and performance metrics such as makespan and CPU execution time were recorded. The reported
results represent the average performance across all runs, ensuring statistical reliability and reproducibility. CPU time
measurements include only the algorithm execution phase and exclude data loading and visualization overhead. This
section discusses the validation results of the benchmark data that was gathered from the website [27]. The data was
validated across multiple databases. Table 2 shows the comprehensive objective function analysis of many instances
taken from benchmark problems. Taking into account each of the ten data indices, the suggested algorithm's average
percentage deviation from the lower bound is the best among the models that were compared. All of the answers
obtained by the three algorithms are non-dominated in the machine case study. The suggested AFSO algorithm was
tested on eight JSSP benchmark problems of different scale, and that is, small-scale (4x5) to relatively large-scale
(10x15) problems. The findings are summarized in Table 2 that provides makespan, total, and maximum workload
values of each instance. There is an increase in the total amount of work with the increase in problem size, indicating
the aggregate processing needs of operations. Working with maximum workload, which is the busiest machine, gives a
theoretical lower limit to the makespan. In all the benchmark cases, the resulting makespan values meet the basic
constraint of JSSP, i.e., makespan larger or equal to maximum machine workload, which is used to verify the viability
and accuracy of the generated schedules.

Table 2. Results of benchmark problems [27].

Benchmark Problem Size J*M Number of Iterations Makespan time Total Workload Maximum Workload

BP1 4X5 75 12 30 8

BP2 8X8 57 18 70 10
BP3 15X10 59 15 88 10
BP4 10X6 80 78 74 72
BP5 10X10 72 55 160 32
BP6 15X8 56 185 140 117
BP7 15X4 49 58 367 54
BP8 10X15 78 175 680 168

However, in smaller examples, e.g., 4x5 and 8x8, the ratio between the makespan and the theoretical lower bound
is more significant, and this suggests that there is little opportunity to balance the load because of fewer machines and
restricted operation sequences. However, it is found that medium and larger instances, especially 10x6, 15x4 and 10x15,
have much smaller relative gaps indicating the usefulness of AFSO in utilizing parallelism and in distributing the
machine workloads. The outcomes suggest that AFSO can generate practically viable schedules whose makespan values
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are close to the theoretical lower limits on a number of problem cases. The latter behavior shows that the algorithm has
an adaptive exploration of the solution space and works well in the coordination of scheduling decisions among the
machines. All in all, the experimental results validate the practicality and effectiveness of the proposed solution to
addressing JSSP problems of different complexity.

With the total average fitness of optimization being 114, 533, and 113, the entire objective function (Makespan
time, Total workload, and Maximum workload) attains optimal results with the fewest iterations.
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Fig. 3. Gantt chart.

We first demonstrate the optimizing capabilities and assess the applicability of this method on a small-scale event.
The model Gantt chart for a 10X10 problem size is displayed in Fig. 3. After processing each of these work sequences,
the minimal makespan time is found and added to the matching job sequence input time. Here, it is found that,
independent of the problem size, processing times vary with the number of machines in use. Afterwards, the particle
position can be created at random to meet the demands of various work assignments. In the context of an alternative
machine and alternative priority level, a particle location is contrasted to a machine assignment that is all regarded
operations.

The performance metrics are determined using equation (11) and listed in Table 3.

Table 3. Performance Metrics.

Benchmark Problem Relative Gap (%) CPU Time (sec)
BP1 50.0 19
BP2 80.0 21
BP3 50.0 211
BP4 8.3 26
BP5 71.9 256
BP6 58.1 247
BP7 74 234
BP8 4.2 33

From Table 3, it is observed that small-scale instances (4>5 and 8>8) exhibit relatively higher gap values, which
can be attributed to limited flexibility in operation sequencing and reduced opportunities for machine parallelism. In
such cases, the algorithm has fewer feasible alternatives to balance workloads effectively, resulting in makespan values
that deviate more from the lower bound. For medium-scale instances, such as 10>6 and 15>4, the relative gap decreases
significantly (below 10%), indicating that AFSO is able to exploit increased scheduling flexibility and distribute
operations more evenly across machines. This suggests improved load balancing and effective coordination among
artificial fish behaviors. In larger instances (1015 and 15>8), although the absolute makespan values increase due to
higher total workload, the relative gap remains moderate to low. This demonstrates that the proposed AFSO maintains
consistent performance as problem complexity increases and scales well with respect to problem size. Overall, the
relative gap analysis confirms that the proposed AFSO approach is capable of producing near-optimal schedules,
particularly for medium and large-scale JSSP instances, thereby validating the effectiveness and robustness of the
algorithm under varying problem sizes.
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Fig. 4. Convergence Graph (Time) — A Sample.

The execution time of the CPU on the benchmark cases used shows that there is an apparent requirement of
problem size and complexity in scheduling. The CPU times of 19 s and 21 s suggests that the AFSO algorithm
converges very fast on low-dimensional JSSP problems. This is because as the problem scale grows, there is a tangible
increase in the CPU time, peaking to 211 s and 256 s on medium-scale cases, which is a result of the higher search
space and evaluation cost. When using larger or more complicated benchmarks, the CPU times are steady, with a range
of 234 s to 247 s, indicating that the difficulty of a problem is scaled more or less linearly by the computation effort

Lh
=

=
=

Makespan time

5

=

0

BP4 BP5 BP6 BP7 BP8

BP1 BP2 BP3

EAFSO =mABC mPSO

Fig. 5. Comparison chart for makespan Time.

To find the best result, Fig. 4 illustrates the degree of convergence of the benchmark issue (10x15) using three
optimization models. Upon carrying out tests for various iterations within the range of [one to five], it was found that
the large majority of the difficulties produced excellent results. After several cycles, the convergence graph can identify
the ideal fitness value for each. It is more likely to find close to ideal solutions with relatively small makespan values

when the end aim is kept in mind.
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The comparison study of total work load, maximum workload, and makespan time, as seen in Fig. 5, 6, and 7,
serves as the objective function. The compared algorithm dominates all instances, all non-dominated solutions, and the
proposed AFSO, PSO, and ABC algorithms. The enhanced effectiveness of the suggested AFSO method can be
explained by the complementary functions of its adaptive behaviors of the discrete JSSP search space. The preying
behavior allows local search by using permutation-based neighborhood search which allows schedules to be refined and
makepan to be minimized incrementally. The swarming process encourages the sharing of information among the
nearby solutions, which is helping the population to focus on promising areas without destroying the diversity due to the
crowd factor. In the meantime, the next action expedites the convergence process because it guides solutions to the most
successful schedules that were found during the search.

The trends of convergence between the experimental results demonstrate that AFSO has lower values of makespan
with less number of iterations that are performed which is evidence of superb balance between exploration and
exploitation. In spite of the fact that explicit ablation experiments involving individual behaviors were not done, the
improvements in performance were observed, which are consistent with the theoretical design of AFSO where
coordinating behaviors in fish leads to improved quality of solutions in complex combinatorial scheduling problems.
Since this research applied AFSO for JSSP benchmark instances, and the present work is purely theoretical with no
experimental claims, there is no need of statistical analysis [28].

5. Implications

5.1. Theoretical Implications

The research adds to the theoretical perspectives of bio-inspired optimization algorithms by applying AFSO model
on a complicated domain of combinatorial optimistic scheduling. It gives additional strength to the metaheuristic theory
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of optimization by adopting a perturbed global condition, which makes the exploration-exploitation ratio more balanced
and minimizes the possibility of getting into local minima. The study gives a comparative theoretical basis through the
analysis of convergence dynamics in AFSO in comparison to known methods such as PSO and ABC. It provides an
analytical model of optimizing a multi-objective set of parameters of scheduling (makespan, total workload, and
maximum workload) which can be generalized to other manufacturing optimization problems.

5.2. Practical Implications

The suggested AFSO-based model directly can be applied in the actual manufacturing systems to optimize the
organization of jobs and machine location, and this way, enhances the efficiency of manufacturing. It helps production
managers save on the cost of operation and wastage of time through minimizing the makespan and workload
distribution among the machines. The increased convergence rate of AFSO contributes to real-time decision-making in
dynamic settings, which allows the adaptive scheduling of production in uncertain settings. The methodology provides a
scalable structure to the industries with flexible manufacturing systems, which helps in increasing the competitiveness
due to effective utilization of resources.

6. Conclusion

AFSO algorithm, which is proposed in this paper, is effective in solving JSSP, which minimizes the makespan,
total workload, and maximum workload. Introduction of a disturbed global condition increases the escaping capability
of the algorithm out of local optima and fastens convergence to global solutions. The end results of a comparison with
the traditional and new optimization techniques, including PSO and ABC show that the proposed method is more
efficient in terms of efficient machine scheduling. The enhanced search engine and adaptability behavior of AFSO help
in enhancing manufacturing resource utilization. Experimental evaluation on eight benchmark instances demonstrated
that the proposed approach consistently achieved lower makespan values, with relative gap reductions ranging from
4.2%% to 80% compared to baseline schedules. The average CPU execution time remained within acceptable limits for
medium-scale problem sizes, confirming the computational feasibility of the approach. On the whole, the results prove
that AFSO is a potential metaheuristic in solving the complicated production scheduling issues and further
investigations can be developed into the dynamic and multi-objective scheduling-based environment to enhance the
scalability of the process and the ability to make the decisions in real-time. Despite the promising results, the study has
few limitations. The experiments were conducted on a limited set of benchmark sizes, and no explicit ablation study
was performed to isolate the contribution of individual fish behaviors. Furthermore, parameter settings were fixed
across all instances, which may affect scalability for larger problem sizes. A detailed ablation study evaluating the
individual contribution of each fish behavior is identified as an important direction for future work.
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