Mitlif Iraqi Journal of Science, 2026, Vol. 67, No. 8, pp: 4457-4478
DOI: 10.24996/ijs.2026.67.8.25

/'_\/
Iraqi
Journal of
Science
N
ISSN: 0067-2904

Using TOPSIS Technology to Solve Multi-Objective Gravitational Search
Algorithm Based on Supply Planning

Rasha Jalal Mitlif
Branch of Mathematics and Computer Applications, Department of Applied Sciences, University of Technology,
Baghdad, Iraq

Received: 23/4/2025 Accepted: 6/ 9/2025 Published: 30/ 8/2026

Abstract

Multi-objective evolutionary (MOE) algorithms have encountered difficulties
when calculating big data improvement issues. Initial conditions are multiple pre-
existing conditions that contribute to a particular situation. We propose a novel
procedure for computing the single goal gravity issue using multi-objective gravity
search. GSA is an evolutionary algorithm derived and designed derived from the
rule of attraction and weight, and represents a system of elements where each
element gives rise to other components by applying a gravitational force. The study
aims to achieve the best solution to the optimization problem for input parameters
ranging from 0 to 1. The review presents three scenarios: Simulation, a MOGSA,
and a single goal gravity search method. The three-part evaluation method,
MOGSA, is an extension of GSA designed to address process optimization
problems. While GSA identifies a single optimal solution, MOGSA seeks multiple
solutions. This paper includes: 1) A description of the algorithm's criteria for
validating its effectiveness, 2) An evaluation of the method's effectiveness using
means and standard deviations, and 3) An evaluation of the algorithm itself. The
results and improvements validate that MOGSA effectively competes with the latest
technology analytical together with traditional methods.

Keywords: TOPSIS, GSA, Multi-objective GSA, MOGSA algorithm, Production
planning.
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1. Introduction

Traditional optimization methods do not offer an appropriate approach to combinatorial
optimization with a highly dimensioned search field because of the exponentially expanding
problem-size search space. As with systematic analysis, using precise techniques to solve
such issues is also impractical.

Over the past two decades, researchers have shown great interest in natural computation to
develop fake figure frameworks that address various challenging numerical problems. An
abundance of criteria, structures, and concepts can be gleaned from the natural world. They
each need climates conducive to their respective species' long-term survival. Creation is the
name given to this process. Maintaining the reproductive cycle may also preserve the traits
that promote competition among people and eliminate their flaws, [1]. Only the upright
members of the surviving population will pass genetically altered genes to their descendants.
This method, known as natural selection, was inspired by revelatory computations, among the
most well-known and successful exploration computations.

Gravitational Search Algorithm (GSA)

This innovative method used Novel ton's principles of motion and gravity. Numerous apps
[1], [2] use it to alter how gravity is computed. However, more in-depth analysis has shown
that the procedure is not straightforward. Every mass in the GSA is subject to four processes:
Stationary mass, location, present mass, and inactive gravitational mass (agent). First, the
mass location is associated with improved Crisis-related BAT behaviour and, second, a shift
in the wide range of the BAT community that keeps neighborhood Optima from getting
embroiled [3]. The disadvantage is that the algorithm intensification is not as diversified as it
should be. (The pseudocode that is included)

Structured program for GSA
Start ();

T=1

While t < max. No. of iteration;
Evaluate the fitness of all particles;
Moving particles have mass ();
Particle motion update ();

The speed of particles occurs ( );
Updating and modifying particle locations ();
T=t+1;

End while;

End

Bat Algorithm (BAT)

It was suggested [4], [S] and [6] that the BAT algorithm could benefit from some fine-
tuning in light of bat behaviour and hive mind. Several features of a microbat's echolocation
skills can be mimicked with the help of BAT. The BAT procedure is straightforward,
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adaptable, and simple to build. It efficiently resolves various obstacles and offers hopeful,
optimum solutions, especially for highly nonlinear issues. BAT provides a straightforward
MOGS solution that excels in demanding environments. Unfortunately, the limitations
mentioned above exist [7], [8] and [9]. Early convergence occurs at a slower rate. The
parameters do not involve performing a statistical analysis but relate to agreement rates.
Many implementations have not yet reached MOGS levels. (Bat algorithm, as shown below)
[10] and [11]

Structured program for Bat Algorithm

Goal function F(x) , X = (Xp,---»Xa)"

Determine the bat population. X; (i = 1,2,..,1) & v
Determine pulse regularity f; at ¥;

Primary pulse frequencies r; and the loud voice A;

While (f < Max number of iterations)

Adapt your strategies to the shifting frequencies,

Adjusted parameters [see the Yang-Mills formulas (2010)]

If (rand > 17)

Select an option from the MOGS options.

The selected MOGS solution is used to develop a local answer.
Stop if you're suddenly in the air and coming up with a novel strategy.
If rand < A; & f(x) < f (X))

Take the novel approaches that are developing.

Increase 1; & reduce A;

End if

Find the present bats & tally them up, MOGS. x*

Finish while

End

2. Suggested multi-objective formulation

This research proposes a novel multi-objective optimization technique that builds on
previous work by optimising the performance of swarm intelligence algorithms. The
investigator made two modifications. The first improvement is that, by using GSA, the
countdown becomes closer to the optimal answer. Current research uses this adjustment to
speed up approaches to solution using GSA (since it generates extra diversification and
significantly reduced intensity) [4], [12] and [13] if the random number is less than 0.5. The
time it takes to get to the MOGS solution has been sped up to be on par with the first BAT
(Because all algorithms function properly if they balance diversity and intensification).
Before the suggested calculation is finalised, the current study changes all population options
to increase the intermingling rate, and the second enhancement is dependent on the search
parameters used during the introductory part of solution development. Use 23 capabilities as
benchmarks to evaluate the shift's precision, consistency, and velocity toward standardisation.
The MOGSA aims to address one specific challenge with an unbounded amount of available
current. Because of this, two separate routes exist in roughly the same region between
different contexts, as described below.

MOGSA Structure

Collectionk = 0,speed=0and f = 0.7 ;

Enter the GSA coefficient and the BAT coefficient 1° , A;
Random initialization at point P; for n population;
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For the initial population, we determine fitness value.
While (End conditions not met)

Ifrand < [

1) GSA setup

Find the value of the mass function M.

Find the value of the gravitational constant G

Find the value of the acceleration in gravitational location 3.
Vi =rTand x v+ 3

Pip1= P+ vy

Else

2) Bat setup

Q= Qmin + (Qmin - qux) *rand

Viz1 = Ve + (Ppest — Pe) * Q

Prew = :P; + 17;+1

Ifrand > r

:Pnew= fPt+TaTld(?;+1— .7);)
End f

Iff(Prew) < £(P) & (rand< A)
Prew = Py

End f

3) Update all solutions in population

For (for the population, each point is j)

C=rand in (1, 2)

Prew = P+ rand (Ppq —c* P)

If £ (Prew) < £(P)

Ppest = Pnew

End f

End for

End while

This is how the novel multi-objective algorithm functions. The current study first inputs the
GSA and BAT parameters (1%, A;), and subsequently initialises the point ( P,) at random.
Physical fitness values of the distinctive population's F(p ) are calculated in the current
study. In the unlikely event that the rand (unusual digit) is less than the border, such as (e.g.,
v=0.5), the researcher does GSA. The force of gravity G and mass equation m, velocity
V(t+ 1), and location P((t + 1)) in the gravitational field are monitored for calculating
variety and acceleration [1], [14], [15] and [16]. MOGSA They will correlate with both
regions in a similar area after working on one algorithm after the other to fix the flaws in both
(As in, a scene from a comparable room in the game Multitude Insight). After this phase
involves updating all category solutions using the formula B, = P; + rand * (Ppes — C *
P). The population's answers are all updated in the following stage, which depends here on
given equation.

3. Evaluation methodologies, findings, and discussion approach

In this subsection, how well the suggested MOGSA technique works is assessed. We
begin by outlining the evaluation strategy and discussing the experimental outcomes across
three settings, each with unique optimization issues. Secondly, we compare the MOGSA
algorithm's performance to other cutting-edge Methods of Arithmetic operations (GSA,
distinctive BAT, and PSO). Third, we delve further into the implications of our findings. A
comparison of the experiments will be made in the following section. Simulation results

4460



Mitlif Iraqi Journal of Science, 2026, Vol. 67, No. 8, pp: 4457-4478

comparing MOGSA and primary are presented, emphasising solution performance,
convergence capacity, and accuracy. MOGSA's union and consistency are put to the test in
this way by executing the [17 - 20] functions, which are the normal benchmark functions (23
tests). In a setting where the baseline BAT and GSA are evaluated, we evaluate the agent's
and the baseline PSO's multi-target computation. Progress is made when there is less of a
disparity between criteria. In every study (MOGSA, PSO distinctive, GA, GSA heart, and
BAT distinctive), 100 people served as the sample size (N). You can find more information
on how to tweak the PSO values in [21], while you can learn more about modifying the BAT,
GA, and GSA in [1] and [4].

4. Methodology of analysis

The methodology used to assess this work is broken down into three parts. The first
section of this paper describes the (unrestricted) benchmarking of optimization performed by
MOGSA to determine the suggested estimate's reliability. The next part contrasts the
efficiency of the MOGSA algorithm to ours and other analytical numerical algorithms. The
suggested MOGSA algorithm's protocol is outlined in Section 3.

4.1 Evaluation of the unrestricted optimization's issue

The previously No Free Lunch (NFL) assumption [22], [23], [24] states that any gain in
return over one category of issues is matched by a loss in efficiency in the treatment of
another category. When applied to one set of problems, a particular meta-heuristic may show
promise, but it may underperform when applied to another set of problems. The National
Football League is a goldmine for this kind of research. Therefore, the current methods are
further developed, and novel meta-heuristics are proposed annually.

4.2 Unrestricted optimization issue.

Only one (F1- F7), multidimensional (F8- F13), and multimodal (F14- F23) are the

categories into which the default standards are divided (JF14 to F23). Standardised functions
like these have been used extensively in research studies [25 - 30].
Unimodal traits employ deterministic enhancement computations that use angle data,
allowing them to overcome the issues efficiently. Anyway, seeing capacities were mostly
employed to assess the combined speeds of EAs. Thus, it is challenging to enhance high-
dimensional multi-modular capacities due to the large number of key neighbourhood features.
The significance of the outcomes lies in their examination of the calculation's aptitude to
escape from an unfavourable local optimum and seek a similar global optimum. We run tests
from F8 to 13, where the number of neighbouring locations is specified. The selected size
has smaller measures overall (30, 100, 200 and 300). Low-dimensional Multimodal
functions, and those with the standard characteristics, tend to have few local minima. Table 5
states that F14 through F23 are non-modal as low-dimensional. It is very straightforward
compared to a number of multimedia features (MF) and several local minimums (LM) (F8
to F13). It turns out that deterministic strategies may also be used to solve multiple of those
tasks effectively.

4.3 Evaluation of the MOGSA about other ingenious techniques

Functions are explained by the minimum current value for a job, with n representing the
mechanism axis and S representing a subgroup segment of R™ that addresses both the lower
and upper quality. In all but one case (F'8), the minimal value according to the preliminary
assessment of the qualities (f,,; ) in Table 2.1 have a negative sign. Some functions, like
F14— F23, have a wider range of optimal solutions and dimensions. We evaluate MOGSA's
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efficacy in comparison to two different types of algorithms. Table 1 lists the parameters for
the first group's nine algorithms (PSO, BAT, and GSA).

Table 1: Settings of assessment computation

Algorithm Function
MOGSA ¢1,6,0=19, g= 0.3, popsize =999 , A =0.99
PSO ¢1,6, =19, = 0.2, popsize =999
GSA POPsize =100, =03,  G(p) = Goe —a; (3)
BAT PrSize =999 ,0 = 0.7 ,¢,=1,¢,=19,3=01,A=06, 1°=06
GA crossover & mutation are 0.3 & 0.1
Results

This part evaluates the MOGSA algorithm and benchmarking functions based on section
1's unstructured optimization problem subcategories using the computational intelligence
methods described in Section 3.

Three of the abovementioned procedures employed for unimodal high-dimensional
capacities are the outcomes for the additional instances and the benchmark functions. Use of
only one of the F1-F7 slots. In these cases, execution strategies that streamline individual
capacities can be considered less important than the combined pace of the pursuit

computation.

For the unimodal abilities shown in Table 1, the results of more than 20 circles are added, and
the end prominence notes the average variance, mean, most extraordinarily poor, and

MOGSA exclusions.

Table 2: Harmonisation of MOGSA's Forms F; through F, for Impact

Functions MOGSA GSA BAT PSO GA

Fi 0.00 0.00 1.00 0.00 0.80

F» 0.00 0.00 0.00 1.00 0.32

Fs 0.00 0.12 0.00 1.00 0.00

F4 0.00 0.00 1.00 0.17 0.21

Fs 0.17 0.13 0.00 0.14 1.00

Fe 0.00 0.00 0.00 0.00 1.00

F7 0.00 0.00 0.08 0.00 1.00

Summation 0.17 0.25 3.08 2.31 5.33
Ranking 1 2 3 4 5

Table 3: MOGSA requirements influence harmonization F 1 - F 7

Functions MOGSA GSA BAT PSO GA

Fi 0.00 0.00 0.00 0.00 0.00

F2 0.00 0.00 0.91 0.02 0.00

Fs 0.00 0.00 2.96 0.64 0.00

Fa 0.00 0.02 1.42 0.03 0.01

Fs 0.00 0.00 3.34 0.00 0.00

Fe 0.00 0.00 0.00 0.00 0.00

F 0.00 0.00 0.28 0.02 1.00

Summation 0.00 0.02 8.71 0.71 1.01
Ranking 1 2 5 3 4
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Table 4: How the MOGSA Standards Will Affect Standardization F1 - F 7

Functions MOGSA GSA BAT PSO GA
Fi 0.00 0.00 1.00 0.00 0.00
F2 0.00 0.00 1.00 0.00 0.00
Fs 0.00 0.00 1.00 0.90 0.00
Fa 0.00 0.00 1.00 0.08 0.15
Fs 0.00 0.00 1.00 0.03 0.00
Fe 0.00 0.00 1.00 0.00 0.00
Fa 0.00 0.00 0.20 0.30 one
Summation 0.00 0.00 5.20 2.21 1.15
Ranking 1 2 5 3 4
Table 5: How the MOGSA Standards Will Affect Standardization F s - F 13
Functions MOGSA GSA BAT PSO GA
Fs 0 .41 0.56 0.00 0.00 1.00
Fo 0.00 0.05 0.20 1.00 0.70
Fo 0.00 0.15 0.60 1.00 0.19
Fu 0.00 1.00 0.00 0.00 0.10
Fn 0.00 0.00 0.00 1.00 0.00
F i3 0.00 0.00 0.01 1.00 0.00
Summation 0.41 1.66 0.81 4.00 1.99
Ranking 1 3 2 5 4
Table 6: How the MOGSA Standards Will Affect Standardization F s - F 13
Functions MOGSA GSA BAT PSO GA
Fs 0.33 0.71 0.00 0.00 1.00
Fo 0.00 0.07 0.13 1.00 0.73
Fo 0.00 0.02 0.47 1.00 0.04
Fu 0.00 0.23 1.00 0.00 0.11
Fi 0.00 0.00 0.00 1.00 0.00
F i3 0.00 0.00 0.06 1.00 0.00
Summation 0.33 1.83 1.56 4.00 1.78
Ranking 1 2 4 5 3
Table7: How the MOGSA Standards Will Affect StandardizationF 8 - F 1
Functions MOGSA GSA BAT PSO GA
Fs 0.23 0.74 0.00 0.00 1.00
Fo 0.00 0.08 0.18 1.00 0.75
Fio 0.29 0.00 0.47 1.00 0.00
Fu 0.00 0.18 1.00 0.00 0.07
Fu 0.00 0.00 0.00 1.00 0.00
Fis 0.00 0.00 0.05 1.00 0.00
Summation 0.52 1.00 1.90 4.00 1.82
Ranking 1 2 4 5 3
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Table 9: How the MOGSA Standards Will Affect Standardization F 14 - F 23

Functions MOGSA GSA BAT PSO GA
Fa 0.00 0.12 1.00 0.00 1.00
Fis 0.00 0.33 0.00 1.00 0.10
Fie 0.00 0.00 0.00 0.00 0.00
Fu 0.00 0.00 0.00 0.00 0.00
Fis 0.00 0.00 0.00 0.00 1.00
Fo 0.00 0.00 0.00 0.00 1.00
F20 0.43 0.00 0.97 1.00 0.32
Fa 0.00 0.91 0.79 0.70 1.00
Fa 0.12 0.00 0.76 0.49 1.00
Fas 0.11 0.00 0.85 0.16 1.00

Summation 0.66 1.36 3.17 3.25 7.42
Ranking 1 2 4 3 5

Table 10: How the MOGSA Standards Will Affect Standardization F14 - F 23

Functions MOGSA GSA BAT PSO GA
Fa 0.00 0.31 0.13 0.00 1.00
Fis 0.00 0.27 0.12 1.00 0.18
Fie 0.00 0.00 0.00 0.00 0.00
Fu 0.00 0.00 0.00 0.00 0.00
Fis 0.00 0.00 0.00 0.00 1.00
Fo 0.00 0.00 0.00 0.00 1.00
Fao 0.42 0.00 0.88 1.00 0.88
Fa 0.00 0.71 0.89 0.70 1.00
F= 0.13 0.00 0.70 0.50 1.00
Fa 0.12 0.00 0.95 0.28 1.00

Summation 0.67 1.29 3.67 3.48 7.06

Ranking 1 2 4 3 5

5. Synopsis of Al-Nnoaman Plastic (NP) Company

Al-Nnoaman Plastic (NP) Organization was founded in 1986 as a manufacturing complex
specializing in the production of metal springs, which are drip irrigation systems, repaired
spray and connections made of excellent polyester pipes, a concentration bedding, pipes
links, plastic residences, agricultural polyester, waste containers as well, and garbage bags.
The corporation began with only 25 billion shares, but by 2010, it grew to almost a hundred
billion. The corporation was able to develop factories and associated factories to produce
various types of plastic because of the remarkable progress observed.
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Figure 1: Al-Nnoaman the Plastic (NP) Corporation

¢
hm.,

Figure 2: Shows the range of dimensions and forms available for manufacture based on the

standard above and bespoke dimensions.

Table 11: HDPE (PE100) Dimensions of Tubing (ISO 4427)

Operating
Pressure PE 74 PN 4.6 PN 4.3 PN § PN 6
Operating Pressure
PE 90 PN 4.3 PN 5 PN 6 PN 7
Operating Pressure
PE 200 PN 5 PN 6 PN 7 PN 9
Ratio of Normal
Diameter (SDR) SDR 32 SDR 55 SDR 48 SDR 43
N Mean . : .
. Pipe 1 Wall Pipe 1 Wall Pipe 1 Wall .
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18.
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3
34134 |37.| 24
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The following table shows the various sizes and dimensions of high-density polyethene
plumbing and four pipes with varying conventional dimension ratios. Table 12 shows the
pipes that were utilised in this experiment.

6. Statement of Problems for Al-Nnoaman Plastic (NP) Organisation

The Al-Nnoaman Plastic (NP) Co. is a significant and well-known plastics manufacturer
in Iraq. However, this company's primary issue was its reliance on outdated organising and
making plans for manufacturing practices, which led to inefficient use of accessible energy
sources and poor management of the amounts made and kept. Because of this, the company
either generates excessively or not enough compared to the actual demand, which raises costs
and lowers profits. The following subsections present the mathematical model used to
address this problem (5.2.1 and 5.2.2).

6.1 Explanation of the Data

Initial ecological statistics indicate that Al-Nnoaman Plastic (NP) Company produces
(CP) 55 distinct goods. Table 5.6 provides an introduction and summary of the goods utilised
in this investigation. The following section includes vital information. Furthermore, tables
show every component of the manufacturing schedule (5.6 and 5.7). Table (5.6) lists
products, sizes, ordinary processing time, crashing computation, rate of deterioration,
continuous cost for each unit of product that is the cost per unit of average processing period,
expense per unit of crashed processing time, and machine availability time. Table 13 shows
size-specific customer demand for every item over six months.

Table 12: Working Expenditures and Statistics for all Goods.

Measurement | Items P, Pc Fi K So | SCo | CSn CSc AT
0.50 in | PP 140 | 93 | 0265656 | 7010950 | 4 | 3400 | 875 | 1317 | 8880000
075 in | PRSP 3 000 | ¢ ) gag0a0s | 4 | 3400 | 1800 | 1800 | 87840000
1.00 in PilpoeB/P 10 | 7 | 928106 | 9667800 | 4 | 3400 | 490 | 790 | 86880000

1.50 Pilp(fép s |3 | 03%652 1 9800604 | 4 | 3400 | 1000 | 1333 | 94560000
200 in | PP s | | 0120 L ga60002 | 4 | 3400 | 1580 | 1840 | 90720000
3 in Pilp(fép s |3 | 0217066 1 416073 | 4 | 3400 | 2370 | 2370 | 89280000

Table 13: Expected Demand (ED

Measurement Items 1 2 3 4 5 6
0.50 in Pi% 258 699999 699999 699999 699999 699999 699999
0.75 in Pi% 258 499 499 499 499 499 499
1.00 in Pi% 108 9.9999 9.9999 9.9999 9.9999 9.9999 9.9999

1.50 Pi% 108 7499 7499 7499 7499 7499 7499
2.00 in Pi% 108 4999 4999 4999 4999 4999 4999
3.00 in Pi% 108 2999 2999 2999 2999 2999 2999

Additionally, the findings are shown in Table 14.
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Measurement Items 1 2 3 4 5 6
0.50 in Pi% 258 0000 35499 3599 34000 35999 35999
0.75 in Pi}fe 258 32999 0000 32999 33299 3399 32999
1.00 in Pi% 10 B 34499 33499 0000 33499 32499 33999

1.50 Pi% 10 B 35599 33999 33999 0000 32999 35499

2.00 in Pi}fe 10 B 34999 34999 33999 31999 0000 32499

3.00 in Pi% 10 B 35999 32999 31999 33499 32499 0000
Table 15: Unit Stock Repair Value (R)

Measurement Items 1 2 3 4 5 6
0.50 in 2 258 1.00 1.00 1.00 1.00 1.00 1.00
0.75 in Pi% 258 4.99 4.99 4.99 4.99 4.99 4.99
1.00 in Pi% 10 B 1.00 1.00 1.00 1.00 1.00 1.00

1.50 Pi% 10 B 1.99 1.99 1.99 1.99 1.99 1.99

2.00 in Pi% 10 B 1.99 1.99 1.99 1.99 1.99 1.99

3.00 in Pi% 10 B 2.99 2.99 2.99 2.99 2.99 2.99
Table 16: Unit Deterioration Value (Pai)

Measurement Items 1 2 3 4 5 6
0.50 in Pi% 258 876 876 876 876 876 876
0.75 in Pi% 258 1799 1799 1799 11799 1799 1799
1.00 in Pi% 10 B 489 489 489 489 489 489

1.50 Pi% 10 B 999 999 999 999 999 999
2.00 in Pi% 10 B 1579 1579 1579 1579 1579 1579
3.00 in Pi% 10 B 2369 2369 2369 2369 2369 2369

6.2 Multi-criteria decision-making theories

Studying several theories and MCR methods for decision-making has been done. Among
the several ideas used in MADM, Cardiac Natriuretic A peptide (ANP), TOPSIS, HAW,
weighted-sum concepts, and simple mixed loading are the most common and often used ones
[31] and [32]. No known software existed to compute digital watermarking methods. The
literature [16] and [33 -36] all provide useful summaries of the benefits, drawbacks, and
guidelines of standard MCDM techniques. While WSM and HAW are intuitive and easy to
observe, they can be subjective in their boundary loads, and both methods become
increasingly cumbersome with an increase in detail. (Specific endeavour) the reliance on
elementary mathematical scaling for final location is also a significant drawback to these
methods.

SAW Takes into account all limits (target function), makes instinctive judgements, &
performs a basic computation; yet, the highest & beneficial characteristics of the criterion
(goal role) are all attainable. In addition, the current situation is not necessarily reflected in
SAW. The two features that set MEW and WPM apart are their ability to do away with
absolute measurement units and their preference for using relative metrics. However,
frameworks with equal choice weights are not sorted in any particular way. TOPSIS and the
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concept of separate substitute subjects are interchangeable in many ways. This is one of the
most effective methods for fixing troubles. TOPSIS's primary benefit is its ability to quickly
and easily identify the optimal setup. Instead, TOPSIS' main flaw is that judgments are not
always made clear, and weight increases are not always permitted. ANP is severely limited
by the human capacity for information retrieval, with 72 often serving as a reference ceiling.
From that vantage point, TOPSIS minimises the necessary paired comparisons, and the
capacity constraint has little to no bearing on the process. With many possible outcomes and
features, TOPSIS is the best tool. The method is advantageous when working with analytical
or measurable statistics. This is why several real-world problems were tackled with TOPSIS.
The fuzzy approach considers the imprecision and ambiguity inherent in human decision
making, allowing decision makers to utilise a more natural language for assessing judgments
and facilitating decision making. Still, figuring out how to calculate the fluffy reasonableness
record and positional attributes for any choice is a pain.

The preference for the most underutilised configurations is TOPSIS, and the open
electoral scores have been ranked in descending order to reflect this. Even a quick glance can
reveal granular ratings for alternatives that are not already dominant. Those needing a ranking
system can rely on the most pressing options, just as they would with any other type of
decision. TOPSIS assigns points to each alternative based on its distance from the positive
and negative (per non-ruled arrangement). This TOPSIS algorithm was used in research to
provide the best results from Pareto solutions generated by the Multi-Objective Genetic
Algorithm (MOGSA). It is not part of the MOGSA algorithm; it is a separate method
implemented after MOGSA to select the best result. You decided to take the MOGSA
elective. The graphic below shows that the MOGSA will be closest to the positive perfect
configuration; the MOGSA will be furthest from the opposite of the ideal configuration.

Step 1: Evolution of the internet of conventional preferences

This action alters many multidimensional attributes into non-dimensional points for credit

analysis. Using the normalising technique, the lattice (Xjj)m«n (m*n) has been normalised

about that location onto the matrix R = (Ijj) mun-

ruzxu/’ ’:leﬁ A i=1,...,4’)’l, & 1=l,...,4’L. (1)

This stage produces a new matrix (NM) R illustrated below.

11 Tin
R:[ : : ] ... @

Tm1 = Tmn
Step 2: Developing a structured weighted selection framework

The established decision-making array employs a set of weights W =

Wy, Wa, W3, ..., Wj,...,W, with a decision guide line j = 1,...,n.. Defining the resultant
matrix by multiplying each column by its equal weight w; coming from R, a standard action
matrix. The set size is one. i1 W v (3)
The third step produces a fresh V matrix, visible below.

Yii 77 Vi Wil 7 Waly,

Ym1i 77 Youn Wilr 70 Waly,

Step 3: Guarantees of both good and bad kinds are perfect as choices
A pair of non-dominated options, fake substitutes for this action, known as the finest
replacement A* and the alternative to the adverse perfect A™.

A= {(({mfxgﬁlie 1>,({’”{'”gu|1e Tli=12.. m)}
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={vi vy, U ) .. (5)
[ max
A= {<<{mim‘5n 1€ f)({ i ylierli=12,. ,m)}
={ VI, Y2, Y e ¥R ) ... (6)

]~ is J's complement kit; J is a sub-set of { i =1, 2,..., m} displaying the beneficial feature ]~
Is J's provides a growing practicality with its higher characteristics. The other item may also
be applied to the price of the property displayed by €.

Step 4: The distance from Euclidean calculation determines the gap among every choice
(non-overwhelming arrangement) in y and the optimal A* Using the separate Euclidean
helps one to do the division computation in this sequence.

- (7

Similarly, the adverse outcomes are perfect A~ It gives an amount of separation for
every choice (non-ruled configuration) in V derived from the non-positive in value, which is
perfect.

- (8)

After step 4, every possibility is tallied as two different numbers, S(i) and S(i—). These
traits indicate the disparity between an option and the perfect's positive and negative aspects.
Step 5: Accuracy of the best possible estimation

In this advancement, the proximity of A; to the optimum structure A* Is denoted as:
c. = (5151—51) 0<C.<l i={1,2.,mk . (9
Clearly, Ci* =1 & dqi = A" also, Ci* =0 o dqi = A".

Step 6: Sort the substitutes according to their proximity to the perfect configuration.
Nowadays, the collection of substitutes ( A;) is ordered in a non-increasing sequence of
( Ci); the greatest number indicates the efficacy associated with the MOGSA.

6.3 Conclusions and interpretations for the uses

Through growing numbers of constraints and decision factors, the multiple goals multi-
product getting ready opposition and planning problem is a pretty complicated. The simplest
problem with just one expense goal is called an NP-hard problem. Table 12 presents a novel
approach to handling the results-related challenge facing the Al-Nnoaman Plastic (NP)
Business. If within that timeframe, a setup period for both the service and the commodity is
listed in Table 12. The output generates information.
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Table 17: Production (P)

Measurement | Items 1 2 3 4 5 6
Pipe
0.50 in 25P=B 69255798 | 694187.35 | 694191.91 | 765917.71 | 739081.51 | 731603.71
Pipe
0.75 in 25P=B 495.52 496.54 496.43 547.57 528.32 52291
Pipe
1.00 in Eio 9894.51 9917.65 9917.60 10942.16 10558.70 10451.81
B
Pipe
1.50 Eio 7421.09 7438.41 7438.34 8206.74 7919.13 7838.94
B
Pipe
2.00 in 110 4947.67 4959.17 4959.09 5471.32 5279.55 5226.07
B
Pipe
3.00 in 110 2968.94 2975.78 2975.68 3282.98 3167.89 3135.78
B
800000
- N —
700000 | T ~
600000 ——o—Product 1
500000 = Product 2
400000 —#—Product 3
300000 Product 4
== Product 5
200000
—®—Product 6
100000
0 DT
1 2 3 4 5 6

Figure 3: Show the producing area.

Table 18: Inventory (I)

Measurement Items 1 2 3 4 5 6
0.50 in Pi% 258 865 865 865 865 865 865
0.75 in Pi% 258 1799 1799 1799 1799 1799 1799
1.00 in Pi% 108 489 489 489 489 489 489

1.50 Pi% 108 999 999 999 999 999 999
2.00 in Pi% 108 1579 1579 1579 1579 1579 1579
3.00 in Pi% 108 2369 2369 2369 2369 2369 23769
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80000
70000 /’
60000 / —&—Product 1
50000 f\ ——Product 2
40000 / \\J/ —A—Product 3
30000 / Product 4
/ —#—Product 5
20000
/ —®—Product 6
10000
0 o / T ——
1 2 3 4 5 6
Figure 4: Inventories chart region
Table 19: Backorder (B)

Measurement Items 1 2 3 4 5 6
0.50 in Pi% 258 38874.2 10033.38 0.00 0.00 0.00 0.00
0.75 in Pi% 258 26.93455 5.640013 0.00 0.00 0.00 0.00
1.00 in Pi% 10B 554.5243 141.828 0.00 0.00 0.00 0.00

1.50 Pi% 10B 415.6849 105.9891 0.00 0.00 0.00 0.00
2.00 in Pi% 10B 276.8455 70.15013 0.00 0.00 0.00 0.00
3.00 in Pi% 10 B 165.7739 41.47897 0.00 0.00 0.00 0.00

45000
40000 \
35000
\ —&— Product 1
30000
\ ——Product 2
25000
\ —#— Product 3
20000 \ Product 4
15000 \ —¥—Product 5
10000 —®— Product 6
5000
0 *~—— F\ = = "
1 2 3 4 5 6

Figure 5: A backorder region diagram
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Table 20: Scheduling (SCh)

Measurement Items 1 2 3 4 5 6
0.50 in ¢ 258 0.00 0.00 0.00 0.00 0.00 1.00
0.75 in 22 25 B 0.00 0.00 0.00 0.00 0.00 0.00
1.00 in 108 0.00 1.00 0.00 0.00 0.00 0.00

1.50 2108 0.00 0.00 0.00 0.00 0.00 0.00
2.00 in 108 1.00 0.00 0.00 0.00 0.00 0.00
3.00 in 108 0.00 0.00 0.00 1.00 0.00 0.00

1.2

9y \ /\ /\ / ; } —e—Product 1
S I VA VR V20 WY s
04 X \\ / \ / +Er°:”°i:
/ \\ \\/ \\/ ot
0 , . . : -

5 6

Figure 6: Timetable for the diagram area

45 =
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257 7
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25 3 35 4 45 5 5.5 6

15! Objective =102
Figure 7: Schedule for the diagram region

7. Communicate concerning

Table 2 shows that MOGSA requirements denote the minimum value achieved by the
function after iteration. Furthermore, the mean represents the typical value obtained by the
capability throughout the iteration cycle. The worst possible criteria imply that this is the
most outstanding value the cycle has ever accrued during its iterations. Finally, the Std. This
suggests that these attributes are far removed from those in the focus.
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MOGSA outperforms GSA, BAT, PSO, and GA in terms of productivity for all of the
capabilities listed in Table 1. However, the most significant variance amongst the estimates is
unimodal capacity.

As can be seen in Table 2, MOGSA's effects can be seen in Fields F1, F2, F3 & F4, as
well as Field 7. PSO is less complicated in F5 for the MOGSA boundary and the MOGSA
for all boundaries in F6. MOGSA 1is superior for the medium standard but awful for the
Std—basis in F5. The researcher normalises numerical values and functional limits by

applying the stipulation below, presented by Jain and Bhandare (2011).
fi—best 2)
worst—best’ (

When f; tackles the assessment of goal work for circumstances, most effective is the
population, the MOGSA structure, and the most visibly horrible suggests the majority is
substantially dreadful in the population's structure—the last lines in the computation
placement for the parts (3, 4, and 5). The latest research investigation focuses on tables (3-5),
applying to the situation (2).

Each computation from F-1 to F-77 is located (in what we call "sections") in Tables 2-4.
(lines). Table 2 displays the MOGSA rules from F-1 to F-7, which include GSA, BAT,
PSO and GA. Table 4 provides the average guidelines for the seven parts of the cream
figures of GSA, BAT, GA and PSO. Thus, Table 5 displays the worst possible starting
point for a 50/50 split of F 1 through F 7 using GSA, BAT, GA and PSO. The recommended
mixing speed is associated with the numbers. The MOGSA recommendations fare further in
PSO than MOGSA in F5. The inspector considers the application of MOGSA regulations in
GSA, BAT and GA, and the uniqueness of MOGSA representation in F5. However,
compared to the findings obtained using the high number of different counts, the results
obtained using the mean premise of the hybrid estimation reveal a larger number of focal
sites. Considering the various numbers in Tables .3 (F6) and (F7), MOGSA believes the
circumstances of stimulated gathering for all test benchmark features. When the most
obviously terrible principle is applied to all outcomes, there are differences between the
differentiated get-together rate and the other algorithmic restrictions. MOGSA's captivating
strength can be traced back to its innovative use of mixing.

Many marriages within the MOGSA can be assumed in this manner. By and large, MOGSA
will get us to the global optimum faster than other computations. However, MOGSA has far
more overlap than other methods of calculation.

Capabilities in several dimensions at once: a select few neighbourhood minima make it
challenging to improve multimodal capacity. After discovering a near-global perfect and
weak nearby optimum, they tackle the bounds of a calculation to escape. Consequences
matter significantly in the end.

Current investigation uses probes F8 through J13, where the number of neighbouring minima
drastically increases with the component of the capabilities. Different capacities have
different ranges. The outcomes typically repeat every 20 iterations.

Multimodal capabilities with low dimensionality: Tables 1 and 5 provide a comparison. GSA,
BAT, GA and PSO for low-dimensional multimodal benchmark problems. The facts reveal
that the strategies underlying these estimates are comparable and produce identical outcomes.
According to Table 5, MOGSA achieves the best results for the MOGSA criterion in F8, PSO
achieves the best results for the mean and worst-case limits in '8 and GA achieves the best
results for the Std. in F-8. Benchmark. MOGSA outperforms F9 and F12 in all of their
respective bounds. F10's MOGSA standard is best served by MOGSA, whereas the mean,
most recognizably horrible, and Std. PSO best serves requirements. As a finalisation, PSO
performs further in F11 for the mean, most extremely bad, and Std. Rules while GA performs

Normalization =
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further in the MOGSA models, and in F 13, GA outperforms the others in these same
categories.

Each computation (area) from F 8 to F 13 is displayed in tables (6-8). (Segments). The
MOGSA base fundamental of the creamer count is honed in F8 to 13 using GSA, BAT,
GA and PSO, Table 2.

Table 7 displays the average value for MOGSA calculated across all seven capabilities.
However, as shown in Table 8, the worst MOGSA borders occurred between values of 8
and F 13. The computations are tied to the mixing velocity. Standardisation for MOGSA is
used to determine capacities (line lengths). Separated from the other numbers in Table 8,
these are the ones for the crossover (section) computations. For the suggested computation,
the MOGSA rules nearly always work best in 8 and F13. InF 9, F 10 and F 11, the MOGSA
model produces superior GSA outcomes compared to the corresponding MOGSA model. F
12's GA allows for more realistic outcomes at last.

However, compared to other limits, the studies that applied the mean MOGSA rule in F-8 and
F13 yielded further results. Individually, in JF9, F 10, F11 and F 12, GSA, PSO and GA all
achieve excellent results on the same metrics. When using the worst possible boundary
conditions, the crossover computation in functions F8 and [13 is excellent to those in the
other functions. Under the median way evaluation criteria, GSA, PSO, and GA all produce
excellent results in F9, F11, F10 and F12. MOGSA's attractive power causes its union pace to
deviate from the other computations. Still, we can make educated guesses about MOGSA's
rapid rate of unification. For this reason, MOGSA has a higher preferred combination rate
than other computations since it will be easier to reach global perfection with MOGSA.
MOGSA's Table10 acknowledges the results of the computation. The MOGSA, mean, versus
most awful bounds are identical for the two calculations in F 16, F 17, F18 and F19, exclude
for GA, which has different characteristics for the mean & very huge requirements in F 18
and F 19. The GSA values the Std. more highly in F16 and F19. Benchmark. As for the
MOGSA standard, BAT is regarded highly in both 17 and F18. Benchmark.

It is the MOGSA that runs the F14 models for the Std. BAT computation. Both

computations exhibit GA like competence in the MOGSA rules. As for 14, MOGSA and
PSO achieve further results, noticeably terrible limits, while BAT and PSO calculations have
comparable qualities that are better than each other to satisfy the MOGSA criterion.
Additionally, MOGSA reaches the mean and the most dreadfully bad MOGSA scores. GA
has the MOGSA assessment in the standards in the interim. MOGSA, GSA and PSO all
share similar characteristics for the MOGSA system in J 20, but BAT produces further mean
boundaries. Similarly, GSA is the MOGSA for the average, worst-case scenario, and bare
minimum requirements. For MOGSA standards in JF21, F22 and F23, both computations have
identical characteristics except for GA, which has significant and distinguishable qualities for
the same capacity. The MOGSA is carried out in JF21 for various borders. [F23 displays the
MOGSA dedication for the median, most horrible, and Std. Conditions.
Each computation (part) pertaining to 14 — F23 is in tables showing their relative location
(11-13). (lines). MOGSA standards are equal to those of GSA, BAT, GA and PSO for
functions 14-23. Tables 11 and 12 display the mean crossover computation criteria for the
abovementioned capacities and those for GSA, BAT, GA and PSO. Table 13, rows F14
through F23, exhibits the most egregiously low MOGSA norms.

The following definition describes the union's pace as determined by the calculation. Both
F14 and F21 agree that MOGSA, GSA, BAT and PSO are excellent to other possible
computations. F16, F17, F18, F19 and F23 have greater discoveries than other computations
across the board. Table 2 shows that BAT has a further 20 performance than the rest. GA
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demonstrates the efficacy of MOGSA in both F15 and F22. In addition, in Tables 11 for
Functions F16, F17, and F23, all of the mean rule computations contain non-positive
boundlessness (NB) values, and we treat non-positive boundlessness values as null. In any
case, the value is null for GA in versions F18, F19 and F22. Comparatively, BAT
outperforms MOGSA in scenarios F14 and [JF21, whereas MOGSA triumphs across the
board in scenario F20. A comparison to the results of other computations demonstrates the
attractiveness of MOGSA.

Yet, we can infer MOGSA's high convergence rate. In this way, MOGSA achieves global
perfection with a greater union rate and in less time than competing computations.

8. Conclusions

Considering the GSA gravity law and the echoes of the BAT behaviour, this theory
suggests MOGSA, an alternative enhancement plot. The power and synergy of the two
computations suggest that implementing MOGSA as an enhancement calculation could have
considerable benefits. This test puts MOGSA into action over a battery of 23 predefined
capabilities to evaluate its output. The results obtained by MOGSA dominate most of the
time and are always comparable to those obtained by PSO, GA, GSA and BAT. Finally, the
scientist applies standardisation to both computations, and MOGSA emerges as the clear
winner.

This paper dealt with the presentation and visualisation of MOGSA crossover
computations. In addition, it is suggested that a novel MOGSA mixture computation be
developed to back up the Swarm Intelligence (SI) field. And the results of these updated
crossover computations don't always align with those of others.

As future work, we propose developing the algorithm for resolving different real world
issues.
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