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ABSTRACT

In recent years, the integration of production planning and control scheduling has become
a significant factor in complex and dynamic manufacturing environments. Therefore, this
paper addresses this challenge by introducing an integrated model that simultaneously
optimizes both aggregate production planning and single machine scheduling. The primary
objectives of the developed model are to minimize overall production cost, makes pan, setup
costs, and product delivery delays as key performance indicators. To solve the integrated
model, two hybrid metaheuristic algorithms are applied with a novel hybridization ratio
(40%-60%): the Hybrid Whale Algorithm with the Fruit Fly optimization algorithm and the
Whale Algorithm with the Grey Wolves Optimization Algorithm. Large set of computational
experiments are conducted on 10 instances with 20 to 200 jobs and 100 planning periods,
with 30 independent runs. The results show that both hybrid algorithms are highly effective
in finding near optimal solutions to the integrated complex problem. Comparative analysis
demonstrates that the hybrid algorithms outperform common algorithms (Whale, Genetic,
Fly, and grey wolf) and the dynamic programming method in terms of solution quality,
convergence speed, and computational stability in most tested scenarios. These findings
provide practitioners with robust decision-support tools to improve operational efficiency
in modern manufacturing systems.

Keywords: Fly algorithm, Greywolf algorithm, Aggregate production planning, Scheduling,
Genetic algorithm.

1. INTRODUCTION

Companies rely almost entirely on scheduling machines and planning and arranging
production to achieve the highest level of accuracy (Guzman et al.,, 2022). Production
planning and scheduling are the cornerstones of any commercial project and are crucial for
understanding the requirements necessary for its success. Additionally, they help increase
efficiency, streamline the manufacturing process, and lower costs (Mustajab, 2023).
Aggregate production planning and scheduling establish a plan for the quantity of
production and scheduling for a period ranging from three to eighteen months (Dauzere-
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Peres and Lasserre, 1994; Yu et al.,, 2022). So, during this period, the expected demand is
fully met. It also helps determine the appropriate number of employees, expected orders,
undisclosed agreements, product arrangement, storage of the remainder, and proper
handling of it (Armstrong, 2006). In addition, combining production planning and
scheduling has received increasing and significant attention in the concentrated economic
community. As a result, the issue of combining production planning and scheduling is
receiving increasing attention in today's complex and changing economic climate (Lohmer
and Lasch, 2021; Ouelhadj and Petrovic, 2009). This resulted from an integrated model
that inspired research into the topic (Schwindt-Bayer and Mishler, 2005). (Shobrys and
White, 2002) developed a comprehensive integrated production planning and scheduling
model and solved it hierarchically, investigated issues in multi-period, multi-workshop
production planning and scheduling, and devised a method to maximize both
simultaneously using nonlinear mixed integer programming.

(Liand McMahon, 2007) employed integrated optimization in planning and scheduling can
help you make better judgments about how to execute operations and proposed a new
method for breaking things down called two-level optimization. (Wang et al., 2017)
developed a two-level integrated model for production planning and scheduling using the
State-Task Network representation. (Vogel et al.,, 2016) proposed a hierarchical and
integrated system that combined aggregate production planning and master production
scheduling. Computational testing shows that the integrated model is solvable and
outperforms the existing hierarchical technique in all cases (Cerne et al., 2019). (Hassani
et al., 2018) created a novel model that combines planning and scheduling to account for
the fact that the capacity limitation did not accurately represent the number of resources
available. They also considered the constraint of resource availability. The goal of this
model was to reduce the total cost of a single-level workshop (Yao et al., 2022).
Multi-objective problems are significant because they depict real-world situations where
decision-makers must balance various performance metrics to achieve optimal outcomes
(Zheng et al., 2019; Salih et al., 2020; Khalaf et al., 2021; Shir and Emmerich, 2024;
Khraibet et al., 2025).

Furthermore, they widen core difficulties by incorporating several, often conflicting, goals.
This increases operational efficiency and meets a wide range of stakeholder expectations,
making it an important area of study (Olkkonen, 2015; Mechaacha et al.,, 2025). As a
result, the scientific community strives to address difficult issues by employing
metaheuristic algorithms (Tomar et al., 2024; Turgut et al., 2023). While metaheuristic
algorithms are effective for tackling complex real-world problems, the no-free-lunch
theorem states that there is no algorithm to solve all problems (Joyce and Herrmann,
2018). As a result, modern concepts such as self-adaptive algorithm modification or hybrid
algorithms enable the selection of a suitable algorithm to overcome the implicit limitation of
metaheuristics. In addition, hybrid approaches combining Whale Optimization Algorithm
with Firefly Algorithm (Tian et al., 2024) and WOA with Grey Wolf Optimizer Algorithm
(Korashy et al., 2019) have been successfully applied in various optimization problems.
Therefore, in this study, we proposed two new hybrid algorithms by combining Whale
Optimization with Grey Wolf Optimizer and Whale Optimization with Fruit Fly Optimization
to solve the new integrated model of aggregate production planning and scheduling
problem, as shown in Fig. 1.
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Step 3:
Step 1: . .
. L i Step 2: Hybrid Algorithms Step 4:
Multi-Objective Function . . )
L Standard Algorithms 40% Exploration + 60% Select Best Solution
Minimize Z = Z1+Z2+Z3+ 24 o
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Figure 1. Workflow of the proposed methodology

2. MATHEMATICAL MODEL

The mathematical model of multi-objective optimization for an integrated model for
aggregate production planning and single machine scheduling problem (MOIASM) is
formulated in this section to minimize four conflicting objectives: total weighted completion
time, maximum tardiness, range of lateness, and total workforce changes. We presumed that
industrial manufacturing. The company produces n types of products to satisfy market
demands over a planning time horizon T.

2.1 Notation

The notations utilized in the formulation of MOIASM are as follows:
Y. wjc;: minimize the total weighted completion time
Cinax : Maximum completion time
¢; :The completion time of the job j
d; :Due to the data of the job j
F; : Workers fired for a period t
H; :Workers hired for a period t
i :Quantity of production i=12,..,n
Lnax: Maximum lateness
Lin : Minimum lateness
p; :processing time of the job j
R; :Range of lateness
T, :The tardiness of the joby
Tmax: Maximum Tardines
t :Number of periods in the planning t=12,..,t
w; :weight of the job j

2.2 Objection Function

Multi-objective approaches help achieve more than one objective when choosing the
appropriate course of action. In this study, four objectives were addressed simultaneously:
cost, makespan, setup costs, product delivery delays, and workforce reduction.

7= Z;l:leCj +Tmax + RL +27=1]'I} +F} (1)
minZ; = Y., wic; (2)
minimize the total weighted completion time, Jobs are sequenced in non-decreasing order

of % (Shortest Weighted Processing Time rule) to minimize total weighted completion time.
J
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Subject to:

¢y (1) = py (1)

o) =¢G-1 +p,() j=2,..,n

w,(j) =0 j=12,..,n

minZ; = Tmax (3)

This function minimizes the maximum tardiness.

For the maximum tardiness objective (Z;), jobs are sequenced according to the Earliest Due
Date (EDD) rule, where jobs with earlier due dates are processed first.

Subject to:

¢y (1) 2 py (D)

¢, () = ¢, — 1) +p, () j=12,..,n

T,() = ¢,(j) — d,(j) j=12,..,n

T,(j)=0

minZs = Ry, = Lymax — Limin (4)
This function minimizes the range of Latenesy

¢, (1) = p, (1) j=12,..,n

¢,()=¢,G—1) +p,() j=2,..,n

Ty(j) = Cy(j) — dy(j) j=12,..,n

Ry = Linax — Lmin

minZ, = Y- Hy + F; (5)

This function minimizes total workforce changes,

Wiy +H—F =W,

We can write W, —W,_; —H, + F; =0

lft=1W, —Wy—H; +F, =0, W, -Is initial worker

2.3 Normalization of Objection Function

The units of measurement used by the four objective functions are different, i.e., time in
terms of hours for Z1, Z2, and Z3, and the number of employees for Z4. The direct application
of the weighted sum method to the objectives might allow the objectives with the largest
values to influence the optimization process, irrespective of the values of the weights. To
overcome the aforementioned difficulty, the Min-Max normalization method is used to
normalize all the objectives to a common interval, i.e., [0, 1]. The normalized value of each
objective can be calculated as follows:

Zi,norm = (Zi-Zi, min) / (Zi,max- Zi,min)

Here, Zi denotes the original value of the objective; Zi, min denotes the ideal point of the
objective, and Z;, min denotes the nadir point of the objective. The ideal and nadir points can
be calculated by generating a payoff table, where each objective function is optimized
separately, and the values of all the objectives at the optimal points are determined. The
minimum values of the objectives correspond to the ideal points, and the maximum values
correspond to the nadir points. After normalizing the values of the objectives, the overall
objective function can be formulated as follows:
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Minimize F =&; Z1 norm %2 Z2 norm %3 Z3 norm %4 Z4 norm
subject to the constraints Y o¢;=1 and «;2 0

2.4 Special Case Analysis for Problem

This subsection analyzes several special cases of the integrated production planning and
scheduling problem. Each case represents a specific combination of job parameters
(processing times, due dates, weights) that leads to a simplified scheduling rule.
Understanding these special cases provides insights into the behavior of the problem and
validates the mathematical formulation.

Case 1: Ifp; =p; ,d; =d; and w; =0, Vj € N . Then these conditions give SPT rule is an
optimal solution for the problem: Y wjc; + Tpyax + R,
Proof: If ¢; + p; > d; (i.ejop;jis late) and w; = 0
Zchj+Tmax+RL =ch+Tmax+RL = Cj+pj—dj+cj+pj
:Cj+pj—dj+Cj+pj

Since i is the late then j is late so

ch+Tmax+RL=Cj+pi+pj—dj+cj+pi+pj
From 1 and from 2 we get

Thus SPT rule gives an optimal solution

Case 2:ifw; =wandp;=pand d; =w +p; VjEN
then WSPT rule gives the optimal solution for the problem
proof: thenc, =p;, ¢; = max{cj — 1} + p;

Vj € N then c¢; = d;, jis either

Late or justin time (JIT) thatis RL = 0.

The reduction to problem  1//% w;cj+Tqy-

Then WSPT rule provides the optimal solution.

Case3:ifdj=d and w; =0 then y = SPT rule gives optimal solution for the problem.
Proof: sinced; =d and w; =0 Vj€EN
Then Limax(¥) = Cpax(y) — d and
Liin(y) = B,(1) — d then

R. = Linax (V) = Linin(¥)

= Crmax(¥) — Py(l) Jf d < Crax(¥) then Tpgx(¥) = Cpax —d  which is
Z Cj (Y) + Tmax(]/) + RL(V) = Z Cj (V) + Cmax(y) - Py(l) + Cmax(y) —d
Then SPT rule will give an optimal solution.
Case 4:if w; = 0 then SPT rule is an optimal solution for the problemif ¢; > d; Vj € N.
Proof: let 7 be a schedule orderly according to SPT rule such that ¢; > d; ,j=12....,n
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Then for each job; (j € m),j is late job; and

min . ¢j + Tpax + R, = min2 Y. ¢; — Y. d;
Then min2 Y. ¢; — d; depend on X ¢;
So m is the optimal solution for the problem.

Case 5: if T = EDD sequences give an optimal solution for the problem if
cz(j) < dr(j) Vj EN.
Proof: if c,(j) < d,(j) Vj € N, j is either late or (JIT) thatis Ty,,4, () = 0
Lax () < 0and Ly, ()
Then Ry (1) = Linax () — Linin (1)
The minimum R;, for the optimal sequences.
Since ¢;(j) < d;(j),Vj € N with Ty, (1) = R, () =0
Then & is gives an optimal solution for the problem.

3. METHODOLOGY

This section introduces the optimization Algorithms considered in this study. To establish
context, we first review several well-known algorithms: the Whale Optimization Algorithm
(WOA), the Grey Wolf Optimizer (GWO), the Fruit Fly Optimization Algorithm (FOA),
Dynamic Programming (DP), and the Genetic Algorithm (GA). These algorithms have been
applied widely in engineering, operations research, and artificial intelligence. After this
overview, two proposed hybrid algorithms are described in detail: WOAGWO and WOAFOA,
which form the central contribution of this research.

3.1 Whale Optimization Algorithm

The Whale Optimization Algorithm was introduced by (Mirjalili and Lewis, 2016), is
inspired by the bubble-net feeding strategy of humpback whales. In nature, whales circle
their prey in a spiral motion while moving gradually closer. In WOA, this behaviour is
translated into two mechanisms for updating solutions: spiral convergence toward the best
candidate (exploitation) and random movement away from it (exploration). The position
update equations are:

Encircling Behavior: D =| C - X" - X [ X(t+1)=X"—A-D

Spiral Behavior: X(t + 1) = D - e?* - cos(2ml) + X*

Where b defines the spiral shape, 1 € [-1,1], random number,and A =2a-r—a, C = 2r,
r € [0,1]. The algorithm has been used for structural design, scheduling, training neural
networks, and managing energy. Its strength is that it can balance global search, which often
leads to results that are better than those of other metaheuristics (Dhiman and Kumar,
2019; Mohammadzadeh et al., 2024). However, it suffers from slow convergence speed
and poor local exploitation in later iterations, often getting trapped in local optima for
complex multimodal problems (Suman and Udmale, 2026).

3.2 Grey Wolf Optimizer

The first grey wolf optimizer was developed by Mirjalili as an optimization algorithm that

emulates grey wolves’ hunting behavior. For example, the grey wolf community is divided

into a hierarchical structure with three main roles: alpha (a), beta (3), and delta (§) wolves,
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while the whole pack converges to it, and omega is the rest of the pack converging to the
leader. Such a structure, as well as hunting behavior, such as predating a scared and slowly-
accelerating animal by encircling it from different directions and converging slowly, permits
the achievement of a balance between exploring and exploiting. GWO has been successfully
used in control system design, image processing, and power system optimization. It is valued
for its simplicity, efficiency, and ability to avoid premature convergence (Mirjalili et al.,
2014; Saremi et al., 2017).

3.3 Fruit Fly Optimization Algorithm

The Fruit Fly Optimization Algorithm was proposed by Pan in and is inspired by the
exploitation method of fly insects that follow two phases during a search. These tiny animals
can lead search targets utilizing their sense of smell and then have a rapid vision target
refinement. The algorithm operates in a dual phase: smell-based exploration in the first
phase and sight-based exploitation in the second phase. FOA has been widely used in various
tasks such as function optimization, pattern recognition, and clustering. Variants inspired by
FOA have made the algorithm useful in industrial and engineering applications due to
increased convergence accuracy (Bekdas et al., 2015; Pan, 2012).

3.4 Dynamic Programming

Dynamic Programming was formulated by Bellman in 1950 as a highly deterministic
approach to solving complex problems. It is based on breaking down the problems into
overlapping subproblems that are solved once and their solutions are reused, which
minimizes computational redundancy. DP operates under the principle of optimality, which
posits that the optimal solution of the entire problem depends on the optimal solutions of its
subproblems. It finds widespread applications in operations research, economics,
engineering, and artificial intelligence. The chief advantage of DP is the ability to guarantee
accurate optimal solutions. On the other hand, as the problem size increases, DP inevitably
suffers the curse of dimensionality (Bertsekas, 2012; Bellman, 1957).

3.5 Genetic Algorithm

One of the earliest and most impactful evolutionary algorithms, the Genetic Algorithm, was
introduced by Holland in the 1970s. Based on natural selection and genetic principles, the
GA defines potential solutions in the form of chromosomes. The three fundamental
operators include selection, which determines the solutions of higher fitness, crossover, and
mutation, which offer random changes to retain diversity. The GA has been relatively
engaged in scheduling, optimization of engineering systems, as well as machine learning and
artificial intelligence. Its advantage is the balance between exploration and exploitation,
rendering the GA robust to address nonlinear, multi-modal, and large-scale tasks. Although
in some instances, GA demonstrates slow convergence, multiple modifications and hybrids
have increased the GA efficiency and scalability (Moon et al., 2008; Duan et al., 2025; Chao
etal., 2026).

3.6 Proposed Hybrid: Whale and Grey Wolf Algorithms (WOAGWO)

As a hybrid algorithm, the first is WOAGWO integration. This combines WOA'’s potential for
superior searching capabilities in the exploration stage: using the first 60% of iterations to
search intensely. In the remaining 40% of iterations, the position update follows the GWO,
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demonstrating WOA's ability to discover with a leader following the wolves to ensure that
the same has been optimized effectively. This model is ideal for decreasing the local-
optimum effect because it explores for 60% of the iterations, thus being less sensitive to local
optimum, and the remaining 40% is exploitative, following a guiding wolf. The following
steps illustrate how the algorithm operates:

Step 1: Generate Initial Population: A set of initial populations, denoted by N, is randomly
generated within the given problem constraints.

Step 2: Execute WOA- Exploration Phase (60% of iterations): Perform global search
and cover large areas of the solution space. the total number of iterations WOA will run for
60%.

¢ Encircling prey: Whales update position towards the best-known solution.

e Spiral update: Simulates the bubble-net attacking mechanism.

o WOA Position Update Rules:

Encircling behavior:D =| C - X* - X |,X(t+1)=X"—A-D

where: X*: best solution, A = 2a - r — a, decreases over iterations, C = 2r,r € [0,1]

Spiral update: X(t + 1) = D - e?! - cos (2ml) + X*

where: [ € [—1,1], random number, b: constant to define spiral shape

e Random Switch: With 60% probability, apply either encircling or spiral update.

o After WOA Phase: Select the best agent Xyosto pass to the next phase.

Step 3: Handover Mechanism: All the population is transferred from the WOA to the GWO
without any modification, and the best solution is maintained as the alpha wolf.

Step 4: Execute GWO—Exploitation Phase (40% of iterations): Run for 40 % of the
total number of iterations.

GWO Mechanism: Maintain the best three solutions:a: best, §: second-best, §: third-best
o Position Update Equation:

For each agent X;, update using:

D,=I1C, X, —X; 1,X; =X, —A; D,

Dﬁ =| C2 Xﬁ _Xi |,X2 =XB _AZ DB

D5 :l C3 'XS_XL' |,X3 :Xé‘—A3 'D5

Then: X;(t +1) = =22

Control Parameters: A = 2a - r — a, decreases linearly, C = 2r,r € [0,1]

Step 5: Compare Best Solutions: The best solution obtained from the WOA and GWO is
compared, and the best solution is maintained.

Step 6: Return Final Solution: The best solution obtained is printed as the final solution
obtained by the WOGWO. Fig. 2 illustrate the flowchart of the proposed hybrid Algorithm
(WOAGWO).
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Update
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No~—» #  GWO No
All + Alpha

Figure 2. Flowchart of the WOAGWO

The hybrid algorithm used 60% and 40% of the total iterations for the WOA and GWO
algorithms, respectively. These percentages were obtained through extensive calibration
experiments. Different ratios of exploration and exploitation were considered for the
integrated production planning and scheduling problem, i.e., 80%-20%, 70%-30%, 60%-
40%, 50%-50%, and 40%-60%. These ratios were compared in terms of the quality of the
solution obtained, rate of convergence, and stability of the solutions obtained over 30
independent runs for each ratio. The results obtained in the calibration experiments are
presented in Table 1.

Table 1. Calibration results for different exploration-exploitation splits

Split (WOA: | Average Objective | Standard Convergence Behavior

GWO) Value Deviation

80%:20% 0.58 0.12 Fast initial, premature convergence
70%:30% 0.52 0.09 Good

60%:40% 0.47 0.06 Balanced, best overall

50%:50% 0.51 0.08 Moderate

40%:60% 0.55 0.10 Slow convergence

From the results presented in Table 1, it can be observed that increasing the exploration
phase beyond 60% does not yield any significant results, and increasing the exploration
phase beyond 40% does not help in refining the promising regions obtained during the
exploration phase for the given problem class. Hence, the optimal ratio for the integrated
production planning and scheduling problem is 60% and 40% for the WOA and GWO
algorithms, respectively.

3.7 Proposed Hybrid: Whale and Fruit Fly Optimization Algorithm (WOAFOA)

The second hybrid algorithm is referred to as WOAFOA and combines WOA and FOA. The
idea is to start with WOA’s weak spiral movement to conduct early broad exploration,
followed by FOA’s much stronger smell-and-sight stage to work in more depth with the
obtained data. The motive of such a design is to counteract WOA'’s lack of local optimization
efficiency and basal FOA’s tendency to converge rather quickly. More specifically, the
approach is divided into three stages: an initial untargeted exploration by WOA, a targeted
or exploitative stage by FOA, and the “fine-tuning” stage, which correctly perturbs solutions
with minimal baseline perturbations in the correct direction. The resulting algorithm
possessed increased domain adaptability, which allowed for the utilization of the same
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framework for multiple diverse problems. The result was an increase in overall robustness
and accuracy of the algorithm as opposed to its single-constituent relatives. The numerous
applications, such as design engineering or general artificial intelligence problems, have
been reported to date.

e Start With Random Solutions

A set of possible solutions is randomly created within the limits of the problem.

e Run WOA for the 60% of iterations

WOA explores the search space using mechanisms inspired by whales’ bubble-net hunting
strategy. It focuses on diversification, searching widely to avoid premature convergence.
WOA is run for almost 60% of the total number ofiterations. It is based
on humpback whales’ bubble- net hunting strategy, and comprises two main behaviors:
Encircling the Prey: Updating the position of each whale by:

¢ Encircling Behavior:D =|C- X" - X |, X(t+1)=X"—A-D

e Spiral Behavior: X(t + 1) = D - e?" - cos (2nl) + X*

Where b defines the spiral shape, | € [—1,1], random number, and A = 2a-r —a, C = 2r,
r € [0,1]

o With 60% probability, apply either encircling or spiral update.

Update the population and store the best solution Xyyga-

e Switch to FOA for the 40%

Once WOA finishes, FOA takes over. It searches locally around promising areas using a
“smell-based” behaviour, refining what WOA discovered.

To intensify the search for the best solution, WOA FOA will be running for the remaining
40% of total iterations as:

Take the best solution from WOA.

For each new candidate: X, = s + rand - (ub — Ib) - search_radius

Clip the new solution within bounds: X, = max (min (X,,,,, ub), lb)

Evaluate fitness, keep the best nagents.

Repeat this process for the specified number of FOA iterations.

Pick the Best Result

After both phases, the best solution, whether from WOA or FOA, is selected based on the
objective value.

e Output the Result

The chosen solution is returned as the final output of the hybrid algorithm.

Fig. 3 illustrates the flowchart of the proposed hybrid Algorithm (WOAFOA).

e L1hd W

Yes—b  WOA Weak Spiral —\
)
| Start —  Init Parametes: ——»  Random Population - ——¢ lter < 5032 n——-—"/

\\\/Q 4 Update /
Mo~ Handover il + Best  |—>  FOA Strong Sensing Iter sh‘.ax?/ o—»  Fine-Tune  —»| Final |

s
vV

Update

Figure 3. Flowchart of the WOAFOA
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3.8 Connection Between Algorithms and the Objective Function

All algorithms are designed to minimize the integrated objective function (Z =7Z; + Z, + Z3
+ Z,) as discussed in Section 3. At each step of the optimization process, all solutions, i.e.,
production schedules, are evaluated by calculating their objective function value. This value
acts as the fitness function for the optimization process, where solutions having better
fitness, i.e., smaller objective function values, are considered better and affect the update of
other solutions. Therefore, the objective function acts as the feedback function for the
optimization process.

4. RESULTS AND DISCUSSION

Simulation is used to investigate the effectiveness of the suggested two methods in solving
the multi-objective integrated model of aggregate production planning and scheduling
problem. Experiments were conducted on 10 instances with n = 20 to 200 jobs, T = 100
periods. The algorithms have been implemented using MATLAB R20223, running on an Intel
Core i7-10700K processor with a CPU speed of 3.80 GHz, along with 32 GB of RAM, using a
Windows 10 Pro operating system with 1000 iteration. The combined algorithms show
promising results in both quality and execution time. Regarding the objective value, the
ability of the combined algorithms to find a high-quality solution is clear. They can generate
high-quality solutions or solutions at least no worse than the best solutions of traditional
algorithms. This is particularly apparent in small and medium cases, where the difference
from an optimal value is minimal, as proven by the DP index. Execution time is represented
by comparing the average runtime of implemented algorithms. WOAGWO and WOAFOA
have outstanding performance, taking tens of times to execute better than basic algorithms.
This implies that the combination finds an easy way to search, converging to an optimal
solution. Therefore, the results of Table 2 indicate that the hybrid algorithms WOAGWO and
WOAFOA achieved superior performance compared to the individual algorithms (GA, GWO,
FOA, WOA), and it can be said that the hybrid algorithms offer a tradeoff between
computational accuracy and rapidity, which makes them more applicable in practice,
especially for large-scale problems or in cases when a result is needed as soon as possible.
Thereby, such a solution is promising as it promotes the development of mercury
intelligence methods through combinations with Whale algorithms. The objective value of
the hybrid algorithms ( WOAGWO and WOAFOA) is significantly lower than that of WOA,
GA, GWO, and FOA for all n. The performance of WOAGWO and WOAFOA is always very
similar. Examples: Atn =125: WOA = 544454, GA=513892, GWO = 509844, FOA=1073327,
WOAFOA = 443045, WOAGWO= 419374. We observe that the hybrid yields improved and
more stable results compared to all individual algorithms. Often: WOAGWO time =
0.0164399 seconds. Individual algorithm time: GA sometimes reaches 0.03948 seconds,
GWO up to 0.03732 seconds, WOA approximately 0.1287328 seconds. This indicates that the
combination does not add significant time complexity, but rather improves performance
without additional computational cost. In addition, the hybrid algorithms (WOAFOA and
WOAGWO) outperformed all individual algorithms across all test problems, achieving
average improvements of 22.8% and 26.6%, respectively. The WOAGWO algorithm
demonstrated the best overall performance.
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Table 2. The outcome of DP, GA, GWO, FOA, WOA, and WOAGWO and WOAFOA depend on MSE.

n DP WOA GA GWO FOA WOAFOA | WOAGWO
20 obj 772 89757 190048 | 87445 88488 89548 89130
Time | 0.0025 | 0.1477 |0.1789 |0.17752 | 0.12033 | 0.04972 0.05775
30 obj 905 133644 | 133965 | 132014 | 137446 | 134395 133654
Time | 0.0003 | 0.1227 | 0.2214 | 0.1801 0.159 0.0538 0.0658
40 obj 885 170330 | 172070 | 170399 | 181247 | 170550 170592
Time | 0.0001 | 0.1161 | 0.2294 | 0.1786 0.1744 0.0565 0.0727
50 obj 1053 212840 | 219289 | 211792 | 239597 | 212781 212666
Time | 0.0001 | 0.1187 | 0.2691 | 0.1879 0.1823 0.0677 0.0702
75 obj 1154 313540 | 324466 | 313067 | 404234 | 313870 313495
Time | 0.0002 | 0.1485 | 0.3407 | 0.206 0.1618 0.0647 0.0864
100 obj 1293 411390 | 430121 | 411013 | 722519 | 411005 411045
Time | 0.0002 | 0.146 0.461 0.2506 0.2038 0.0831 0.1191
125 obj 1256 510415 | 537744 | 509678 | 1054896 | 510363 510396
Time | 0.0004 | 0.1514 | 0.5432 | 0.2636 0.2292 0.0824 0.1043
150 obj 1304 600908 | 655343 | 600854 | 1747434 | 600914 600660
Time | 0.0004 |0.1812 | 0.6784 | 0.2953 0.2494 0.0928 0.1186
175 obj 1367 694914 | 800466 | 695332 | 2351138 | 694660 694912
Time | 0.0004 | 0.1604 | 0.8096 | 0.3194 0.2732 0.1056 0.1311
200 obj 1320 797864 | 903721 | 800875 | 3219646 | 797376 797490
Time | 0.0007 | 0.217 0.9569 | 0.3799 0.2969 0.1144 0.155

5. CONCLUSIONS

This study aimed to design and formulated an innovative combined model, which covers and
connects aggregate production planning and single-machine scheduling to reduce overall
production expenses, makes pan, setup, and time delays in product delivery. To address and
handle such an intricate model, new hybrid metaheuristic algorithms inspired by nature,
termed Whale Optimization and Grey Wolves Optimization Algorithm and Whale
Optimization and Fly Optimization Algorithm, were developed. The overall experimental
outcomes confirmed and testified to the efficiency of the proposed approaches in reaching
the target values. The benchmark tests conducted by comparing the proposed method with
traditional metaheuristics, such as Genetic, FLY, GWO, and WOA, and with dynamic
programming approaches, confirmed and supported that hybrid approaches possess high
convergence robustness and optimality. To be more specific, it was ascertained that Whale
Optimization and Grey Wolves Optimization Algorithm (WOAGWO) overperformed all
approaches by demonstrating high potential in overcoming local optimum points and by
achieving optimal values with high average performance. However, the limitation of the
current work is the fixed 60%-40% ratio between exploration and exploitation phases. In
order to overcome the limitation of the current work, in the future, adaptive exploration-
exploitation strategies will be used where the decision regarding the switch between
exploration and exploitation will be made based on real-time feedback from the search
process. Finally, it is highly recommended to apply the WOAGWO algorithm, which is
considered an effective decision-making assistant method, in production planning and
scheduling systems.
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