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Abstract. The research delves into optimizing the Job Shop Scheduling Problem (JSSP) by
considering aging effects and release time. This paper introduces an Advanced Arithmetic Optimization
Algorithm (IAOA) designed specifically to minimize the makespan. IAOA operates by translating
the continuous solution space into the discrete realm of JSSP through ROV transformation
rules. It encodes and decodes the job shop problem using an insertion greedy decoding algorithm.
To refine the conventional Arithmetic Optimization Algorithm (AOA), this study introduces a non-
linear Mathematical Acceleration Function (MOA) along with six neighborhood search strategies.
Evaluating its performance involved a comparison of IAOA against AOA, Grey Wolf Optimizer
(GWO), and Arithmetic Trigonometric Optimization Algorithm (ATOA) across 33 benchmark problems.
The experimental results underscore IAOA’s superior optimization efficacy and its ability to
converge efficiently when dealing with JSSP. Notably, IAOA successfully mitigates AOA’s limitations,
particularly in achieving higher solution accuracy and faster convergence speed.
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1. Introduction

Scheduling problems represent crucial abstractions within modern production environments,
encompassing industries like semiconductor manufacturing, automobile assembly, and
mechanical manufacturing systems. In recent decades, extensive research has been devoted
to these problems (Luo [9], Toksari and Atalay [13]). The primary objective of the Job Shop
Scheduling Problem (JSSP) is to devise an optimal sequence for processing while adhering to
various constraints, ultimately aiming to minimize the overall job completion time.

The JSSP has garnered substantial attention among scholars, serving not only as a
framework for developing efficient scheduling strategies in manufacturing systems but also
as a demanding benchmark for NP-hard combination optimization problems (Park et al. [10]).
Presently, algorithms addressing JSSP are broadly categorized into accurate algorithms,
heuristic algorithms, and meta-heuristic algorithms. These algorithms are aimed at solving
the challenges posed by JSSP’s complexity and constraints, offering different approaches to
optimize job sequencing.

The category of exact algorithms encompasses the branch-and-bound method and dynamic
programming. While these methods can yield theoretically optimal solutions for small-scale
scheduling problems, their practical application is often hindered by their high time and space
complexity. On the other hand, heuristic algorithms offer an approach to problem-solving that
relies on inductive reasoning and empirical analysis of experience. By leveraging intuitive
judgment or trial-and-error methods, heuristic algorithms provide suboptimal solutions. Despite
their ability to swiftly address problems, ensuring the convergence of these algorithms can be
challenging.

In contrast, meta-heuristic algorithms have gained widespread adoption for handling
nonlinear optimization problems. Their straightforward principles, independence from initial
values, and ease of implementation make them particularly advantageous. Notably, meta-
heuristic algorithms do not rely on the gradient of the objective function, bolstering the
credibility and applicability of their solutions. This characteristic further enhances their
versatility across a range of problem domains. Zhang et al. [15]] proposed an artificial swarm
algorithm designed specifically to address scenarios involving total weighted late work under
due-window constraints.

However, real-world manufacturing environments present a far more intricate landscape.
Take, for instance, a renowned PCB circuit board processing factory where multiple factors
intricately affect production efficiency. Three primary elements stand out: (1) The sequencing
of job processing, (2) The timing of job release, and (3) The operational speed of machines.
Among these factors, the release time of artifacts refers to the moment when raw materials
arrive at the processing plant. Meanwhile, the operational speed of machines is not fixed due to
varying utilization frequencies, which might result in aging effects, subsequently diminishing
the processing rate. This phenomenon is commonly referred to as the ‘aging effect’. These
interdependent elements collectively contribute to the complexity of optimizing production
processes within such manufacturing setups. Zhao [16] investigated single-machine scheduling
problems with simultaneous considerations of due-window assignment, position-dependent and
convex resource-dependent processing times, and a deteriorating rate-modifying activity.
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To better align with the demands of practical enterprises, this study addresses the enhanced
AOA algorithm tailored to tackle this specific challenge. AOA, a meta-heuristic algorithm rooted
in the population model (Abualigah et al. [2]), operates through distinct stages: exploration
and development. During exploration, multiplication and division operators are employed
to broaden the scope of global search, while the development phase utilizes addition and
subtraction operations to refine local search accuracy.

Over the past couple of years, the AOA algorithm has found widespread application in
addressing practical problems, ranging from controller design (Elkasem et al. [4]), electric power
systems (Kharrich et al. [6]), to data clustering (Abualigah et al. [1]). Giirses et al. [5] focused on
a comparison of recent algorithms such as the arithmetic optimization algorithm, the slime mold
optimization algorithm, the marine predators algorithm, and the slap swarm algorithm. Liu et
al. [8]] conducted a study constructing a reinforcement learning-based hybrid algorithm merging
Aquila Optimizer (AO) with an enhanced Arithmetic Optimization Algorithm (IAOA). Their
findings demonstrated that this hybrid approach exhibited superior convergence speed and
accuracy compared to other algorithms. Wang and Mo [14]] considered novel hybrid arithmetic
optimization algorithm to address the inherent constraints of traditional numerical computing
techniques, including increased computational complexity and excessive reliance on gradient
information.

Building upon this, the current paper aims to introduce six distinct neighborhood search
structures and incorporate a nonlinear mathematical acceleration function (MOA). These
augmentations aim to further enhance the convergence and generalization capabilities of the
AOA algorithm, pushing the boundaries of its efficiency and applicability in solving complex
optimization problems.

2. Problem Statement

This paper delves into the job shop scheduling problem, accounting for both aging effects and
release time. In this scenario, each job comprises m operations, denoted as O; ={0;1,0;2,...,0im},
i=1,2,...,n, and the sequence of these operations is predefined. 0;; (i =1,2,...,n,j=1,2,...,n)
is specifically executed on a designated machine, and during its processing, it cannot be
interrupted by any other operation until the job’s processing is concluded.

The release time of each job, denoted as Job i (i =1,2,...,n), is represented by r;. Moreover,
each machine exhibits an aging effect, wherein the duration of jobs extends as the machine’s
usage increases. This phenomenon results in the completion time of each job, denoted as
C;, ={Ci1,Cjo,...,Cin}, i = 1,2,...,n, and the overall completion time of Job i, denoted as
Ciax = max;{C;,,}. Consequently, the maximum completion time among all jobs, often referred
to as the makespan, is ascertained. This makespan represents the longest time taken for any
job to complete within the given scheduling framework.

The objective of this paper is to minimize the makespan, focusing on optimizing both
the aging effect and release time dynamics (Pinedo [11]])). Here, the notation x;;, = 1 equals
1 if the jth operation of the ith job is being processed on machine %; otherwise, it is set as 0.
Similarly, the notation y;;z;r = 1 equals 1 if operation o;; precedes operation o05; on machine k;
otherwise, it is set as 0.
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The mathematical model is established based on various parameters denoted as follows: p;;
and C;; stand for the processing time and completion time, respectively, of the jth operation
of the ith job. Moreover,  signifies the aging factor of the machine, while u;; represents the
position of the ith job on machine %,

min Cpax = max;{Cin} (2.1)

subject to
pij=0 (2.2)
§;=r; (2.3)
sij+(1+@wip)P)pijxijn < Cij (2.4)
sig+n—Cij=0 2.5)
Cij = Cinax (2.6)
Chi—Cij+L(1~yjnix) = Pri (2.7

i,h=1,2,...,n; j,[,k=1,2,...,m.

The objective function Cy,,x aims to minimize the maximum completion time, as expressed in
formula (2.1I). Formula ensures that the processing time for each process remains greater
than or equal to zero. In formula (2.3), the job is restricted to start processing only after its
release time. Formula considers the impact of the machine’s aging effect. The sequence of
processes for each job is indicated in formula (2.5). Additionally, formula sets the constraint
that the completion time of each job must not exceed the total completion time. Lastly, in formula
(2.7), the variable L represents a sufficiently large integer, signifying the imposition of a specific
job sequence on the same machine.

3. Improved Arithmetic Optimization

3.1 Basic Arithmetic Optimization Algorithm (AOA)
3.1.1 Initialization
The AOA algorithm initializes its population as X1,Xo9,...,Xxn, where everyone is denoted as
X;=Ix;1,%;2,...,xip]l, where N represents the population size, and D signifies the dimensionality
of everyone.

In the AOA algorithm, the selection of the subsequent search strategy is determined
using the mathematical acceleration function known as the MOA function, as illustrated
by equation (3.1):

MOA(c) =Min+c * (3.1)

Max — Min
=)
where ¢ denotes the current iteration number, T' stands for the total number of iterations,
MOAC(c) represents the acceleration function of the cth generation, and Min and Max denote
the minimum and maximum values of the acceleration function, respectively.

3.1.2 Exploration and Development
In the AOA method, when a randomly generated number r; is less than the MOA value,
the algorithm initiates an exploration of the entire search space using multiplication and

Commaunications in Mathematics and Applications, Vol. 16, No. 3, pp. , 2025



Minimization Makespan Problem With an Aging Effect Based on Improved Arithmetic. ..: T.-M. Gan et al. 883

division strategies to seek improved candidate solutions. If another randomly generated number
rgo is less than 0.5, the algorithm executes the division operation. Conversely, when rs is
greater than or equal to 0.5, the multiplication operation is carried out. The updated position is
determined according to equation (3.2).

On the contrary, if r1 exceeds the MOA threshold, AOA directs its focus towards exploring
the local space by employing addition and subtraction operations to enhance candidate solutions.
When a randomly generated number r3 is less than 0.5, the algorithm performs a subtraction
operation. Conversely, if rg is greater than or equal to 0.5, the addition operation is executed as
described in equation (3.3),

best(x;) + (MOP(c)+¢€) x (UB; —LB;) x u+LB;), rg<0.5,
xi,j(c + ].) = X (3-2)
best(x;) x MOP(c) x (UB; —LB;) x u+LB;), otherwise;
fio+1)= best(x;) — MOP(c) x (UB; -LB;) x p+LB;), rz< 0.5‘, (3.3)
’ best(x;) + MOP(c) x (UB; —LB;) x u+LB;), otherwise,

where the notation x; ;(c + 1) signifies the ith solution at the jth position during the (c + 1)th
iteration. best(x;) denotes the jth position of the most optimal solution obtained up to
the current iteration. The value € stands for a small integer. UB; and LB; represent the upper
and lower bounds, respectively, of the optimal solution within the first dimension. The parameter
1 holds a specific value of 0.449. The mathematical optimization probability coefficient, denoted

as MOP, is expressed as shown in equation (3.4)),
1

MOP(c)=1- =, (3.4)

a

where MOP(c) indicates the value during the cth iteration. The parameter « is a crucial factor
with a value set at 5, signifying its sensitivity in the process.

3.2 Improvement of the Algorithm

3.2.1 Chaos Initialization

Chaos embodies a form of motion observed within deterministic dynamic systems characterized
by uncertainty, profound regularity, and rapid convergence rates. It encompasses qualities
such as sensitivity to initial values and ergodic property. Leveraging the classical chaotic
model of the Logistic chaotic mapping, the algorithm aims to mitigate interference arising from
the instability of the AOA population, ultimately enhancing the accuracy of the algorithm’s
high-quality iterative positions. The chaotic mapping is expressed as follows:

Xt+1)=2AX®[1-X@)], (3.5)
where 1 =4.

3.2.2 Convergence Strategy Based on Non-linear MOA Functions

In the AOA framework, the MOA function plays a pivotal role in harmonizing global exploration
and local search. Notably, the linear nature of the MOA function depicted in equation (3.1)
exhibits distinct characteristics. Initially, during the algorithm’s early stages, the MOA
function yields smaller values, prompting extensive exploration of the search space. This
tendency, however, results in an inadequate capacity for global exploration within the algorithm.
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Conversely, in the later phases of the iterative process, larger MOA values restrict the
algorithm’s local development of the algorithm, causing a slower convergence rate. To address
this challenge, this paper introduces an enhanced MOA function formulated in equation to
mitigate these limitations,

1 T 1 T
l—ﬁxarctan(—ﬁ+t), ﬁxarctan(—ﬁ+t)>0,
1

MOA(c) = i | .
—1g xarctan(—yz +t), g xarctan(—7z+1)<0.

(3.6)

Figure presents a comparative analysis between the original MOA and the enhanced
MOA. Observing Figure it becomes evident that the improved MOA exhibits value close
to 1 during the initial iterations of the algorithm. This characteristic emphasizes a stronger
inclination towards global search, thus amplifying the algorithm’s probability for comprehensive
exploration. As the iterations progress, the improved MOA tends towards a value of 0. This shift
increases the probability of local exploration within the algorithm, thereby enhancing its
convergence rate.

Improved MOA
0.9 —— — — Original MOA §

0.8
0.7}
0.6
0.5
0.4
03}
02F

0171

8000 10000

Figure 3.1. Comparison diagram of the MOA function

3.2.3 Neighborhood Search Strategy
To bolster the search capabilities of the AOA algorithm for job coding represented as X; =
[x;1,xi9,...,%;p]l, six strategies have been employed for neighborhood search enhancement.
One of these strategies, termed Neighborhood search structure Ni(1) or the ‘two points
cross’, involves the selection of two elements within the process coding. These selected elements
must correspond to different processes. Subsequently, an exchange operation is performed
between these chosen elements.
Neighborhood search operations within the AOA algorithm involve several strategies
designed to enhance the exploration of solutions:

Neighborhood search structure No(2) — referred to as ‘forward insertion’: This strategy involves
the selection of two elements within the operation encoding. Subsequently, the latter element is
inserted into the position immediately before the former element.
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Neighbor search structure N3(3) — known as ‘back insertion’: This approach entails the selection
of two elements in the operation encoding. Following this, the preceding element is inserted
into the position immediately before the subsequent element.

Neighborhood search structure N4(4) — termed ‘random exchange of process blocks’: This strategy
encompasses the selection of a random number y; € [0, 12—)] It involves the swapping of two
process blocks, specifically [xil,xi2,...,x,;,,1] and [x;(n—y1), Xi(n—y1+1);---,%ip]. Refer to Figure
for visual representation and clarity.

Move forward

l Move back }

X1 X2 X3 X4 X5 X6 x7 X8 X9

Figure 3.2. Random exchange of before and after process blocks

The AOA algorithm employs two additional neighborhood search strategies to further refine
its exploration capabilities:

Neighborhood search structure N5(5) — referred to as ‘random process block swap’: This strategy
involves setting random integers yz € [1, %], Y3 € [% +1,D],y4€ [1,min{% —v2,D —ys}]. It then
performs an exchange of job sequences between [x;y,,Xi(ys+1),- - Xiy,] @nd [Xiyq, Xi(yz+1)5-- > Xiyy]
Neighborhood search structure Ng(6): This approach involves deleting identical sections from
the optimal solution and the worst solution, subsequently replacing them with the current
solution. For further details, refer to Figure for a visual representation.

11183 |2[283|1]3]|2]| Xpest

2 1 3 1 2 1 3 3 2 X worst

1 2 3 [ Xiemp

Figure 3.3. Neighborhood search structure Ng
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3.3 Algorithm Process
The steps of IAOA are summarized as follows:

Pseudocode for the improved arithmetic optimization algorithm (IAOA)

Set IAOA parameters, au
Initialize the population
While (C < T)
Calculate the fitness value of everyone
Find the optimal solution
Update the MOA value using equation
Update the MOP value using equation
For (i=1:N)
For (j=1:D)
If ri> MOA
If re<0.5
Execute division operation using the first rule in equation
Else
Execute multiplication operations using the second rule in equation
end
else
Ifr3<0.5
Execute subtraction operation using the first rule in equation (3.3).
Else
Execute addition operation using the second rule in equation (3.3).
End
End
End
End
Execute six neighborhood search strategies
C=C+1
End

4. The Application of IAOA in JSSP

4.1 Encoding

The Job Shop Scheduling Problem (JSSP) represents a discrete optimization challenge, while
the IAOA algorithm primarily addresses continuous space problems. To effectively solve the
JSSP using the IAOA algorithm, establishing a mapping relationship between continuous and
discrete spaces becomes imperative. In this study, the ROV transformation method (Liu et

al. [7]) was adopted for this purpose. It involves mapping the continuous solution space to
the discrete space of the JSSP.

The process involves several steps: Initially, a set of continuous vectors X; = [x;1,x;2,...,x;p] and
artifact number vectors J =1[j1,J9,...,/p] are generated. Subsequently, the smallest position
within the continuous vector is identified, assigned the process number 1. Then, the second-
smallest position in the continuous vector is allocated the process number 2, and this process
continues until all continuous vectors are converted into corresponding process numbers.
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For instance, consider a scenario involving operation workshop scheduling problems encom-
passing three machines and two jobs. For a continuous vector X; =[0.29,2.31,5.32,3.73,1.13,0.62],
the resulting corresponding process numbers would be [01,09] =[011,012,013,023,092,0921] (refer
to Table|l] for detailed illustration).

Table 1. ROV conversion

Position vector 029 | 231 | 532 | 3.73 | 1.13 | 0.62

Artifact serial number | j J1 J1 Jjo J2 Jj2
ROV rule 1 4 6 5 3 2

Process serial number | o711 012 013 093 092 0921

4.2 Decoding
The process decoding method, influenced by Salido et al. [12] adopts the incentive greedy
decoding algorithm. This algorithm follows distinct steps to decode the process:

Initially, the calculation involves determining the start time for each job. This computation
entails setting the start time for each process as the maximum value between the completion
time of the preceding job and the completion time of the job processed by the previous machine.
Subsequently, identification of available idle time on the respective machine preceding a process
occurs. This idle time is then inserted into the earliest feasible machining period on the
corresponding machine without causing delays to the commencement of other scheduled
processes.

Figure visually presents the scheduling outcomes achieved by the insertive greedy
decoding algorithm. Notably, this algorithm significantly reduces the maximum completion
time of the job, demonstrating its efficacy in streamlining job completion.

’_ 1 - 1
1 1
1 1
1
1
Mi| 21 1,2 M;| 21 1,2 :
i i
1 1
/\ = |
M, 2,2 1,1 L My 1.1 22
1
| |
] 1 ] 1 ] ] ] ] | ] ] 1 |
0 1 2 3 4 5 6 7 8 0 1 2 3 4 5

Figure 4.1. Incentive greedy decoding algorithm

5. Analysis of the Experimental Results

To validate the efficacy of the IAOA algorithm in addressing JSSP problems, a comparative
study was conducted involving the IAOA algorithm, the Grey Wolf algorithm, the standard AOA
algorithm, and the ATOA algorithm (Devan et al. [3]]). These algorithms were assessed across
33 test sets, each executed with a population size of 30, 200 iterations, and repeated for 10 runs
per algorithm.
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The evaluation criteria employed were the minimum (Min) and mean (Mean) values. Notably,
the release time of each artifact was randomly selected as an integer within the interval [0,n],
where ‘n’ denotes the total number of artifacts within the respective test set. The specifics of
the parameters utilized for each algorithm are detailed in Table [2| This comparison aimed to
highlight the performance and effectiveness of the IAOA algorithm in comparison to the other
algorithms across various test scenarios.

Table 2. The algorithm parameters

Algorithm | Parameter

TAOA Max =1, Min=0.2a =5u =0.4496=0.01
AOA Max =1, Min = 0.2a = 5u = 0.449

GWO Max=2, Min=0

ATOA Max =1, Min = 0.2a = 5u = 0.449

The experimental outcomes, displayed in Table reveal noteworthy insights when
comparing the performance of the AOA, GWO, ATOA algorithms against the IAOA algorithm.
It becomes evident that the IAOA algorithm consistently yields optimal solutions across all
33 test sets, particularly excelling in minimizing the maximum completion time. This optimal
solution highlights the algorithm’s convergence prowess, while the average solution signifies its
overall convergence trend.

Notably, the IAOA algorithm demonstrates superior performance, especially in addressing
multi-artifact and multi-process scheduling challenges. For instance, in test sets such as 1a26 to
1a30, encompassing 20 artifacts processed across 10 machines, the IAOA algorithm showcases an
increase in Mean and Min makespan by approximately 100 seconds. This increase underscores
the algorithm’s superiority and exceptional convergence ability in managing intricate scheduling
problems involving multiple artifacts and processes.

Table 3. The experimental results

Example TAOA AOA GWO ATOA
Mean Min Mean Min Mean Min Mean Min
FT06 59.03903 | 58.84815 | 61.26766 | 60.55124 | 61.90548 | 60.14333 | 60.56529 | 59.64325
FT10 1073.14 | 1054.793 | 1152.796 | 1098.652 | 1165.283 | 1133.21 | 1136.402 | 1086.7
FT20 1386.863 | 1336.542 | 1546.64 | 1457.191 | 1546.141 | 1504.057 | 1504.727 | 1466.206
la01 722.1742 | 715.7894 | 771.9218 | 757.4616 | 763.3962 | 744.9031 | 766.2699 | 753.4501
la02 717.2419 | 689.0908 | 792.8702 | 756.7391 | 791.0079 | 771.8619 | 780.7476 | 724.2742
1a03 670.805 | 656.4138 | 723.6617 | 718.7546 | 701.1846 | 684.2611 | 708.6668 | 689.9126
la04 649.1781 | 639.1997 | 680.9431 | 661.2704 | 693.8222 | 664.5617 | 676.4819 | 663.9503
la05 622.4339 | 615.8835 | 651.3664 | 641.9649 | 647.8458 | 638.179 | 640.1661 | 624.5375
1la06 999.6387 | 990.1751 | 1062.451 | 1047.101 | 1048.112 | 1024.693 | 1044.95 | 1015.722
1la07 990.5363 | 981.3995 | 1056.703 | 1039.724 | 1048.463 | 1030.441 | 1050.363 | 1033.103
1a08 942.2847 | 932.3141 | 999.5664 | 989.0963 | 993.9732 | 960.076 | 997.3874 | 982.8415
1a09 1056.951 | 1044.475 | 1110.597 | 1082.816 | 1098.424 | 1080.198 | 1099.41 | 1089.785
(Table Contd.)
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Example TAOA AOA GWO ATOA
Mean Min Mean Min Mean Min Mean Min

la10 1032.355 | 1018.942 | 1087.568 | 1072.954 | 1081.337 | 1067.306 | 1077.843 | 1056.847
lall 1333.242 | 1313.47 | 1424.125 | 1395.689 | 1403.59 | 1389.062 | 1416.441 | 1391.839
la12 1176.029 | 1161.759 | 1232.188 | 1210.728 | 1220.354 | 1193.637 | 1225.327 | 1214.551
lal3 1265.746 | 1251.057 | 1335.754 | 1313.469 | 1324.363 | 1293.219 | 1325.927 | 1301.024
la14 1365.826 | 1337.831 | 1460.702 | 1439.425 | 1450.175 | 1410.745 | 1445.219 | 1408.014
lal5 1377.976 | 1340.821 | 1484.786 | 1462.46 | 1470.372 | 1441.554 | 1456.594 | 1395.011
lal6 1068.996 | 1043.354 | 1145.501 | 1106.106 | 1126.589 | 1103.542 | 1125.87 | 1082.223
lal7 850.4477 | 820.558 | 926.6859 | 907.163 | 910.0429 | 889.1306 | 914.2798 | 883.7913
lal8 947.0173 | 918.8857 | 1035.643 | 1005.382 | 1017.885 | 995.5214 | 1020.774 | 999.8471
la19 953.3133 | 923.3705 | 1026.486 | 1001.484 | 1030.188 | 1018.051 | 1024.22 | 1001.189
1a20 1008.332 | 988.0135 | 1064.102 | 1046.258 | 1069.673 | 1054.392 | 1061.48 | 1049.291
la21 1285.297 | 1267.786 | 1395.601 | 1364.062 | 1376.87 | 1349.361 | 1379.707 | 1361.655
1a22 1125.943 | 1096.338 | 1242.869 | 1220.364 | 1222.377 | 1172.188 | 1217.859 | 1191.025
1a23 1219.24 | 1193.852 | 1310.305 | 1287.844 | 1289.619 | 1252.418 | 1303.432 | 1274.626
la24 1144.004 | 1115.497 | 1246.832 | 1224.754 | 1213.317 | 1179.175 | 1232.355 | 1202.162
la25 1200.959 | 1186.457 | 1273.081 | 1239.112 | 1313.805 | 1313.805 | 1265.05 | 1217.773
1a26 1503.126 | 1463.653 | 1606.492 | 1557.226 | 1611.122 | 1569.835 | 1605.488 | 1567.964
1la27 1575.34 | 1537.241 | 1656.844 | 1621.544 | 1654.096 | 1613.277 | 1652.463 | 1615.637
1a28 1539 1502.087 | 1651.212 | 1591.77 | 1656.65 | 1614.344 | 1656.726 | 1637.227
1a29 1491.712 | 1451.86 | 1592.696 | 1575.615 | 1607.077 | 1563.754 | 1579.595 | 1545.668
1a30 1629.962 | 1602.192 | 1763.636 | 1739.7 1752.331 | 1713.883 | 1751.5673 | 1725.973

To further substantiate the superior performance of the IAOA algorithm, four specific test
cases — ft06, ft10, 1a10, 1a16, and 1a26 — were chosen for analysis. The iteration curves depicted
in Figure [5.1| serve as evidence showcasing the algorithm’s behavior across these selected cases.

These results illustrate the TAOA algorithm’s distinctive ability to achieve faster convergence
during the early stages while mitigating the risk of getting trapped in local optimal solutions.
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Figure 5.1. Iterative convergence comparison of the four algorithms
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Moreover, examining the Gantt diagrams presented in Figure [5.2) and Figure unveils the
effectiveness of the IAOA algorithm in maximizing resource utilization and optimizing efficiency.
The algorithm demonstrates an adept utilization of limited resources, significantly reducing
processing times. This notable improvement underscores the efficacy of the proposed nonlinear
MOA function strategy and the utilization of the six neighborhood search operators. These
elements contribute to enhancing the algorithm’s robustness, ensuring superior performance
across diverse scenarios.
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6. Conclusion

This paper introduces an enhanced arithmetic optimization algorithm tailored to address the
job scheduling problem while considering both the aging effect and release time, aiming to
minimize the makespan. To tackle the unique characteristics of the JSSP problem, the algorithm
facilitates the mapping between continuous and discrete spaces, leveraging the ROV conversion
rule. This adaptation enables the IAOA algorithm to effectively resolve the complexities inherent
in the JSSP.

Moreover, the study devises six distinct neighborhood search structures and incorporates
nonlinear MOA function strategies to further elevate the algorithm’s performance. Through
comprehensive testing across 33 datasets, the IAOA algorithm demonstrates robust
convergence capabilities and remarkable effectiveness in successfully solving the JSSP problem.
Consequently, this research presents a novel solution addressing the challenges posed by
machine aging effects and release time dynamics within the realm of job scheduling. Future
work may focus on establishing a formal theoretical justification for the convergence and
computational complexity of the JAOA algorithm, as well as performing statistical significance
tests to assess the robustness of the results.
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