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Abstract: This research analyzes production scheduling pegiace in the context of sustainable manufactursiggu
Toyota Production System (TPS) simulation. The prinfocus of this study is to study scheduling periance based
on the makespan value and job order for each mefforeduce makespan, two metaheuristic technigreesmployed:
the tabu search (TS) method and the simulated &ng€8A) method. This research fills the literagap by exploring
makespan optimization methods, combining computeulation with metaheuristics, and considering Te8eduling
constraints. Data obtained from a miniature cauktion based on the Toyota Production System qanéée research
method includes SA and TS implementation using &ytind Visual Basic 6.0. The results show that S\ ES produce
makespan 2.2-3.2% lower than the Initial Method. shaws flexibility with different job sequences feach level of
demand, while TS produces consistent sequencesniifease in makespan as demand increases isteomsisross all
methods (14.1-16.4%). In conclusion, SA and TSeffiextive optimization methods for production saled), with the
selection depending on the preference for flexibdr consistency.

1 Introduction amount of time needed to finish every step of petidn.

Sustainable manufacturing has indeed emerged adVliakespan can be an indicator to assess produgieeds
critical focus for many companies, driven by thedi¢o the smaller the makespan value, the more effedtiee
reduce environmental impact and enhance costeifigi  Production activities carried out.

While Toyota Production Systems (TPS) have Various scheduling methods, such as the Simulated
demonstrated effectiveness in boosting productigitg Annealing Algorithm and Tabu Search, play a crumiée
supporting eco-friendly practices, there remainsed for in optimizing production systems [3]. The Simulated
further enhancements in optimal production scheduli Annealing Algorithm, a statistical and probabitisti
and cost reduction. Efficient production schedulisg Optimization method, generates diverse solutionth wi
paramount for sustainable manufacturing successlieg Varying probabiliies to find the expected solufion
companies to streamline operations, minimize lémég, Potentially leading to different makespan times in
and cut operational costs by optimizing resourcBroduction scheduling [3]. Computer simulationgizig
allocation, setup time, and operation sequences [fccurate models, are essential for analyzing atichiaing
Despite the lean manufacturing principles offergd@®S, Production  systems, enabling companies to assess
challenges persist in implementing optimal scheguin  scheduling scenarios, identify bottlenecks, andt tes
intricate and dynamic production settings, partidyl alternative strategies before implementation inl rea
within the realm of sustainable manufacturing [2]. production settings, ultimately reducing costs aiaihg in

Schedu“ng isaprocess for arranging existingu' making informed decisions for sustainable prodlu'ctio
to carry out production within a certain time petighisis [3,4]. The Simulated Annealing algorithm produces
because proper production Schedu”ng can increa&ﬁ;ﬂdom results to find .the e).(pected SO|Ut.i0n, abifrused
production efficiency, reduce production costs, eestlice  in production scheduling this method will produceny
idle time, as well as minimize work in process. Goal of ~ solutions with several probabilities of course vdifierent

production scheduling is to reduce the makespanher Makespan time results.
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Computer simulation has become an invaluable asset

for analyzing and optimizing production systemkwaing

companies to assess different scheduling scenari
pinpoint bottlenecks, and experiment with altenati
scheduling strategies in a virtual environment h&efo
implementation in real production settings [5-7]y B
utilizing accurate simulation models, organizatiaan

significantly reduce the costs associated with iays

Literaturereview

2.1 Scheduling

0S, Production scheduling plays a crucial role
manufacturing operations, aiding in achieving éfficies,
cost reduction, and supporting sustainable manurfact
practices. Various studies highlight the significanof
optimal production scheduling in different indussi
Hubert and Bleidorn emphasize the benefits of deep

in

experimentation and make more informed decisionginforcement learning (DRL) for optimized schedglin

regarding sustainable production scheduling. Th
approach not only enhances operational efficientyatso
aids in streamlining processes, increasing producti
throughput, and ultimately improving overall busise
competitiveness.

e chemical industry [11], Lan and Chen [4] coricae
on the use of Al technology in intelligent manutaaig
cells for unitary production scheduling. Additiolyal
Udayakumar et al. stress the importance of green
technology efforts in reducing carbon emissions setdp

In the realm of production scheduling, simulate@osts through optimal production scheduling[12]rr@s

annealing and tabu search methods have been sefecte

underscores the complexity of decision-making psees

calculating the makespan value, showcasing thel aquaculture and the need for decision suppothos

effectiveness in tackling complex and NP-harq

optimization problems [8]. These
techniques are excellent at solving problems wattye
solution spaces in a reasonable amount of compntdti
time. Particularly in the context of Toyota Prodont

0 enhance operational efficiency through productio

meta-heuristiGeneduling [13]. These studies collectively demastthe

critical role of optimal production scheduling infencing
production flow, reducing waste, and increasing
productivity, aligning with the principles of Toyot

Systems (TPS), where scheduling involves diverss,oqyction Systems (TPS).

constraints like setup time, resource availabilignd
operation sequences, simulated annealing and &drats
prove invaluable [8]. Simulated annealing employs
controlled cooling mechanism to evade local optiwiale

In industrial operations, production scheduling is
critical, especially in lean systems like the Tayot
Production Systems (TPS), where it is necessaghieve
efficiency, cut costs, and promote sustainability, L5].

tabu search leverages tabu lists to prevent redtindgyeyious research emphasizes the significanceeasdtise

searches, offering distinct perspectives for exptpr
solution spaces [8]. These techniques are essehtial
handling the complexities of production scheduling

production scheduling in lean sustainability, highting
its role in waste reduction and resource efficiefic};8].
Integrating environmental and economic aspects in

TPS, guaranteeing effective and practical schegulinyptimization processes is key to sustainable primiuc

results.

scheduling, as seen in multi-objective models aargig

By integrating simulated annealing and tabu Sear(ifhergy consumption, production cost, and cycle time

methods in scheduling optimization, this study teges
the strengths of each to enhance the chances difdin
superior scheduling solutions, ultimately contribgtto

sustainable manufacturing efforts
makespan, which reduces energy and
consumption while enhancing production efficien&. [
The widespread use of simulated annealing andssédmech

resour@@iditionally, computer simulations have proven \ale

in analyzing and optimizing production systemsyjting
insights into the environmental and economic impadt
ontinuous production scheduling in TPS environment
[8,13,15].

in prior research on production scheduling and

optimization in manufacturing systems, includinghivi
the context of TPS, establishes a robust found#tictheir
application in this study [10]. This approach atigwith the
broader trend in manufacturing towards energy iefficy
and sustainability, highlighting the potential fthiese
methods to provide more optimal scheduling soltiand
support sustainable production practices [9,10].

This research aims to analyze scheduling perforeman
in the context of sustainable manufacturing usingota
Production System simulations. By optimizing prdifuc
scheduling based on makespan value. It is hopedHisa
research will provide valuable insights for mantdaiag
companies in their efforts to achieve greater djmeral
efficiency and reduce environmental impact, as \asl|
support sustainable manufacturing practices.

within TPS contexts [13,12]. Metaheuristic methdiée
genetic algorithms and local search have been grglm
enhance scheduling performance and minimize energy

by minimizing;onsumption and costs in lean production systeni$[8

2.2 Toyota Production System (TPS)

Toyota Motor Corporation created the well-knowmlea
manufacturing approach known as the Toyota Proolucti
System (TPS), incorporating principles such asijugime
&JIT) and jidoka, focusing on timely production and
htelligent automation to prevent defects [16]. T&So
includes continuous improvement (kaizen), process
standardization, and waste elimination, leading to
increased productivity, cost reduction, and enhdnce
product quality [16]. Recent research by Nahmerd an
Ikuma highlights TPS's role in lean sustainabiliy
reducing waste and enhancing resource efficienciari
and Vagnoni emphasize the significance of TPS in
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supporting  sustainable  manufacturing  practicegxplore variations and hybrids with other methods t
showcasing its effectiveness in achieving operationenhance its performance [20].
excellence and sustainable manufacturing goals. Tabu Search is a powerful metaheuristic approach
Several studies have indeed integrated sustaityabilextensively utilized for tackling complex and NPrha
aspects into production scheduling optimizatiorhinithe  production scheduling optimization problems. Insgiby
context of the Toyota Production System (TPS). Atimu human search behavior, it employs adaptive memwory t
objective optimization model considering energyrevent revisiting previously explored solutions,
consumption, production costs, and production ciiale  enhancing efficiency [21,22]. The search procesBaiou
in Toyota's production system . [17] analyzed theadct Search begins from an initial solution and iterakeeugh
of sustainable production scheduling on environaleartd neighboring solutions by making adjustments; if a
economic performance in TPS, focusing on carbameighboring solution proves superior, it replacée t
emissions and resource consumption. Hybrid optitiei@a current one, facilitating continuous improvemert][2To
method for continuous production scheduling is camteld  circumvent local optima traps, Tabu Search empédgbu
through agent-based simulation on Toyota productidist that records visited solutions, ensuring thhe
system. Additionally, [1] provided a comprehensivalgorithm explores diverse solution spaces and davoi
review of simulation usage in sustainable manufaagy stagnation [21,23]. This strategic use of memorg an
including TPS applications. These studies colletyiv solution tracking enables Tabu Search to navigatgpdex
highlight the importance of incorporating sustailigb problem landscapes effectively, making it a valaabbl
considerations into production scheduling optimarat for optimization tasks in various domains [22].
within the TPS framework, emphasizing the need for In the realm of sustainable production schedulliadpu

environmentally and economically efficient practice Search has been a valuable tool for optimizing dicleg
performance while considering critical factors suzh
2.3 Simulated annealing and tabu search energy consumption, carbon emissions, and productio

Simulated annealing is a metaheuristic method widetosts. Research studies like [8] focus on utilizifapu
applied in solving complex production schedulingsearch within a multi-objective optimization framank to
optimization problems, inspired by metallurgicahaaling enhance sustainable production scheduling in lean
processes [18]. This technique efficiently explaelsition manufacturing systems, emphasizing the reduction of
spaces to identify optimal or near-optimal scheslilg carbon emissions and energy consumption. Additipnal
iteratively modifying solutions and accepting newes Works such as [2] demonstrate the effectivenestabtu
based on goal function improvement or with a prdttgb Search in hybrid optimization methods, combiningith
to avoid local optima. Additionally, simulated aaling genetic algorithms for continuous production schiedu
with adaptive cooling schedules has been proposed aptimization in systems like Toyota Production Syss.
enhance convergence speed and performance Tihese studies underscore the versatility and effiy of
optimization problems, offering a theoretically sdu Tabu Search in addressing the complexities of suasite
approach with variational approximations of Boltzma production scheduling across various manufacturing
distributions. Furthermore, it has been demonstrétat environments
simulated annealing, when combined with suitabteiog By investigating sustainable production scheduling
schedules, can compute precise constant-facteptimization within the framework of the Toyota
approximations for the minimal spanning tree isgue Production System (TPS), this study seeks to @asp in
polynomial time, demonstrating its adaptability andhe literature. The research's position is showTaible 1.
efficiency in a range of optimization applicatiot@].

In the realm of sustainable production scheduling Table 1 Research gap
simulated annealing has been extensively utilized NO. : Research Gap __|References
enhance scheduling efficiency by considering factie | 1 (Integration of sustainability aspects in 7 [2,12,23]
energy consumption, carbon emissions, and productip gr%cé‘#icg;)"” foiEZ?r?UIln%n é’iﬁ:m;ﬁgg
costs. In a multi-.objective optimi_zation model fpr mpinimizati)én of proguction costs, ene
continuous product|o_n scheduling in lean productio consumption, and greenhouse gas emis
systems, [12] used simulated annealing. [4] focused |72 [Exploration of scheduling optimizati| [15,24]
energy and carbon emissions inside Toyota Producti methods to minimize production costs in 1
Systems and used simulated annealing to optimize |simulation, considering the influence
production scheduling. Additionally, [8] suggested employee and tool selection on the sched
hybrid optimization strategy for continuous prodoiat process
schedule optimization in Toyota Production Syste¢nas | 3 |Integration of computer simulation w) [25,26]
combines genetic algorithms and simulated annealirlg |Metaheuristicmethods (such as simula
Despite its effectiveness, simulated annealing sufer annealing and tabu search) to optin
from drawbacks such as prolonged computational éinte continuous production schedling in T

lecti hall leadi doe Productive Systems (TP
parameter selection challenges, leading researdoersi 4 jinegration between classical schedd [27.28]

theory and practical scheduling application
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q

TPS, considering constraints such as
time, resource availability, and operat
sequenct

Practical validation and implementation
optimized production scheduling solutions
real TPS environments, including verificat
using discrete event simulation (DE

[29,30]

3 Methodology
3.1 Data collection

The goal of this research is to create a productic
process simulation at lean manufacturing laboratehych
is part of the department of industrial engineering
Hasanuddin University. The research data used im tt
research is divided into 2 data, namely primargdahich
is data obtained directly while in the field. Thatal
collected is in the form of cycle time for each wetation,
obtained from time measurements, rating factorainét
directly while working, allowances obtained dirgatthen
workers do work, number of processes and the nuafber
machines and equipment used. , Sequence of vehi
assembly work. Secondary data is data obtainedoutith

research was random sampling. Random sampling was
used to reduce data bias in this research.

3.2 Test materials and instruments

The test materials used in this research were &tane
cars, namely, miniature P/U cars, D-Cab, MPV, Eatar
and Truck Mixer. Figure 1 displays the types of enals

used in the research.
Multi Purpose Vehicle (MPV)

Pick Up (P/U) Excavator

&

Double Cabin (D-Cab)

Mixer Beton

Figure 1 Test materials

Truck Silinder Roller

cle A number of data gathering techniques were employed
in this study, including a review of the literatudérect data

making direct measurements or observations. Secpndaollection from the Lean Manufacturing Laboratoryidg

data for this research is product type and spetifios,
data on the number of consumer requests, and asiomu
master plan.

the simulation process, and observation, and cayrgut
simulation tests related to the vehicle assemhbggss in
the Lean Manufacturing Laboratory.

The population and sample in research are important The research method used in this research includes

aspects taken to draw general conclusions. Thelgitipu
and sample in this study are as follows. A popaiais an
approximation made up of items with specific atitds
chosen by researchers for analysis and infererasedon
the population definition, the population of thigdy is the
observation time of the production process of the
specimens tested. The sample is part of the numaner
characteristics of the population. The sample usetis

statistical analysis to assist researchers in ggiog initial
data. Researchers also use the Simulated Anneatidg
Tabu Search algorithms as methods for determinewg n
scheduling solutions. The Simulated Annealing atgor
itself uses Python as a tool to complete the alyori
Bleanwhile, the Tabu Search algorithm uses VisuaiBBa
6.0 (VB6) software

| Component | Component

Component &
Finish Product
{input from each W5}

Product Product

W5 #2

Product
W5 #1

(far W!

Warehouse

Man Power Required:
. 1 Supervisor

(2} 4 Operators
I1 Shipping Person
1 Inspector
(6) 1 PPIC Person
1 Customer
DL - Dvrect Labour

oL}
(oL}
(oL
{DL)

4 Logistic Persons

Total : 13 persons
DL : 10 persons

Figure 2 TPSsmulation scenario [ 31]

The simulation, depicted in Figure 2, will takeqaan

materials, semi-finished products, and finisheddgaat

the setting of a business that employs a conveditiorare prepared for shipment to customers. The foligws

production system and still needs a warehousete saw

the simulation scenario that will be carried out:
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The alarm will sound every 1.5 minutes. » Have a discussion about the simulation based on the
The customer gives the order to the PPIC (Productio  evaluation sheet and observation points.

Planning and Inventory Control) after the firstrada , ) , . N
sounds. The point that will be seen during the simulatisrttie

The PPIC gives the production order sheet to tHgakespan value based on demand variations cogséitin
production Supervisor. three demand variations with a job sequence camgist

The supervisor gives production instructions tcheac>X 10PS-

Work Station and monitors during the simulation. . .

The Work Station Operator works according to thé Inl:\)tﬁ'ssljlrtessiggzr?lfucs()s'monar'son e Sroduction
instructions after the second alarm sounds, reguest : ' pari producti

- cheduling methods was carried out: Initial Method
an empty box for finished goods, and asks the supp}.; X . '
operator if the goods are finished. The operatar ¢ imulated Annealing and Tabu Search in the cortéxt

process goods out of sequence. optimizing prod_uctlon.schedule.s for six types ohmldes
. at four workstations with three different demanersrios.
The supply operator goes around to the designat

. i E%ble 2 shows demand data for six different vehighes
W(_)rk Station to provide empty boxes and SENEL three different demand scenarios. Vehicle Types
finished goods to the warehouse, as well as sup

components from the warehouse able 2 includes six different vehicle types, eectied J1
ponen ) . to J6. J1: Pick Up J2: MPV (Multi-Purpose Vehiclk:
The ;hlpplng operator prepares the shipment ofgoo ouble Cabin J4: Concrete Mixer J5: Excavator JiteR
by picking goods from the Warehouse. according .te:ylinder Truck. The Demand Scenario consists oéahr
the PPIC process if the goods are available. Tke fi different demand scenarios, namely Demand 1, Der@and

shipmen.t is made after the sixth a'a”T‘ soundstfand nd Demand 3. Each scenario shows an increaseniarke
preparation for the second .sh|pment is made when t om the previous one. Demand for each type ofalehi
seventh alarm sounds, with the shipment after tfb

| th al d %nsistently increases by five units for each deinahis
€ eventh alarm sounds. . increase pattern was consistent for all types aickes,
The Work Station #4 operator (inspector) checks thegicating uniform demand growth. Vehicles with the
qual!ty of the goods and records the results on t'?ﬁghest demand: Pick Up (J1) and Concrete Mixe}, (34
quality check sheet. If NG (Not Good) goods ar¢snging from 35 units in Demand 1 to 45 units imied
found, place them in the NG goods area. 3. Vehicles with the lowest demand: Double Cah) &hd
The warehouse operator prepares materials théill t ggjjer Cylinder Trucks (J6), starting from 27 units
reduced or out of stock, provides empty boxes fQhemand 1 to 37 units in Demand 3. This consistent
finished goods, and places finished goods from eagh-rease in demand indicates the need to increase

Work Station according to their addresses.  yroduction capacity gradually. The difference imndead
Customers check the items that have been deliverggiween vehicle types indicates the need for differ
using the delivery confirmation sheet. resource allocation for each production line.

The simulation stops when the twelfth alarm sounds,
and PPIC records the stock on the evaluation sheet.

Table 2 Demand data

Job Type Demand 1 Demand 2 Demand 3
J1 Pick Ur 3E 4C 4E

Jz Mpv 31 3€ 41

J< Double Cabi 27 32 37

J4 Mixer Beton 35 40 45
JE Excavato 31 3€ 41

Je Truck Silinder Rolle 27 32 37

4.1 Initial method

Table 3 displays information about variations in

makespan and job sequence for three different déman
scenarios using the initial method.

Table 3 Makespan and job sequenceinitial method

Demand Variations M akespan (minute) Job Sequence
Demand 588.5¢ J1-J2-J3-J4-J5- 06
Demand 681.3¢ J1-J2-J3-J4-J5-J6
Demand 774.2: J1-J2-J3-J4-J5-J6

Table 3 provides an illustration of how total costin  order remains constant. There was a significant and

time (makespan) changes as demand increases, jalhile consistent increase in makespan along with inangasi

~ 0§ ~
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demand. From Demand 1 to Demand 2, makespadm? Simulated Annealing (SA) method

increases by 92.84 time units (15.8% increase)mFro

In this research, the Simulated Annealing Algoritism

Demand 2 to Demand 3, makespan also increases®¥ 9ised as a reliable computational solution to overco
time units (13.6% mcrease)_. This Imt_ear increase iproduction scheduling problems. The implementatibn
makespan shows a proportional relationship betweehis algorithm is carried out using the Python pamgming

increasing demand and total production time. Hathede

demand levels, the job order displayed is the sdhei2-

J3- J4- J5- J6. The consistency of this job sequshows
that the initial method uses a static or fixed apph, not
considering changes in demand levels. This order lvea
based on fixed priorities or simple schedulingsidach as
First Come First Served (FCFS). This static schedul

language as a calculation tool. The developed diviiges
the Simulated Annealing Algorithm into two variants
Classic and Modified. The Classic variant refera taore
traditional and simple approach, using insertioarapons
in the job sequence as a mutation method. Meanwhie
Modification variant makes several adjustmentdyitiag
changes to the temperature function, use of differe

approach may be simple to implement, but may not berations, and modification of the probability @ion. In

optimal for all levels of demand. A significant rease in
makespan indicates that production capacity needmet

the final analysis, the makespan value resultioghfthe
modified algorithm code is chosen as the best npaltes

increased proportionally to the increase in demandalue. This shows that the modified variant is ider®d
Maintaining the same job sequence despite incrgasimore effective in optimizing production schedulgigiures
demand may not optimize resource usage or minimiz; 4, and 5 show the output results from applying t
completion time. This method does not consider th@imulated Annealing Algorithm in Python as a tafeib

possibility of different bottlenecks at differenerdand
levels, which could be a reason for job sequeneagés.

illustration of how well this technique works tohs®
challenging production scheduling issues.

tasks: 6
machines: 4

[3 tumber of
Number of
Tasks:
[[129.88 56.58 68.17 50.74]

106.46 52.22 ©58.75 27.54]

81.38 41.39 41.13 23.7 ]

9.38 44.99 54.66 27.27]

5.62 31.19 57.36 20.45]

[ 38.77 411 13.33]]

Classical

26.16

Best sequence:
Best Cmax:

Midificated
Best sequence:

(1, 8, 3, 5, 4, 2]

579.0400000000001

[05:45 3 4,244 5]

Best Cmax:

569.6700000000001

<ipython-input-9-f@da30e480c@>:43: Runtimelarning: overflow encountered in scalar divide
prob = math.exp((Cold-Cnew)/Temp)

Figure 3 Demand 1 smulated annealing

tasks: 6
machines: 4

Number of
Number of
Tasks:
[[148.43 64.66 77.91 57.99)]
[123.63 60.64 68.22 31.98
.46 49.05 48.75
6 51.41 62.47
.59 36.22 66.61
[ 45.95 31. 48.71
Classical
Best sequence: [4, 3,
Best Cmax: 672.81
Midificated
Best sequence: [1, 4, O, 3,
Best Cmax: 663.27
<ipython-input-12-f@da30e480c@>:43: RuntimelWarning: overflow encountered in scalar divide
prob = math.exp((Cold-Cnew)/Temp)

Figure 4 Demand 2 smulated annealing
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Number of tasks: 6

Number of machines: 4

Tasks:
[[166.98 72.74 87.65 65.24]
[140.8 69.06 77.7 36.43]
[111.53. 56.72 '56.37 32.47]
[ 76.35 57.84 70.28 35.06]
[ 73.57 41.25 75.86 27.05]
[ 53.13 35.84 56.33 18.26]]

Classical

Best sequence:

Best Cmax: 766.

Midificated

Best sequence: [©, 1, 4, 3, 2, 5]

Best Cmax: 756.91

<ipython-input-15-f@da30e480c@>:43: Runtimellarning: overflow encountered in scalar divide
prob = math.exp((Cold-Cnew)/Temp)

Figure 5 Demand 3 smulated annealing

53 15 95 3, 2,:4]
199999999999

Table 4 shows the results of scheduling calculatiorincreased demand and total production time. The job
using the Simulated Annealing method for threeediffit sequence varies for each request level, indicattiag
demand scenarios. There has been a significamtaiserin - Simulated Annealing dynamically adjusts the seqeenc
line with increasing demand. From Demand 1 to Dammaroptimize Makespan. Job 6 is always in last positignich
2, the increase was 93.6 minutes (16.4% incre&sein may indicate the special characteristics of thib. jo
Demand 2 to Demand 3, the increase was 93.64 msinufositions Job 1, Job 2, and Job 5 tend to be istdréng
(14.1% increase). This relatively consistent inseeén order, although the specific positions vary.
makespan indicates a nearly linear relationshipvéet

Table 4 Makespan and job sequence for simulated annealing method

Demand Variations M akespan (minute) Job Sequence
Demand 569.€7 J1-J5-J4-J2-J3-J6
Demand 663.27 J2-J5-J1-J4-J3- J6
Demand 3 756.91 J1-J2-J5-J4-J3-J6

The Simulated annealing method shows flexibility iM.3  Tabu Search (TS) method
adjusting job sequences for various levels of denan The Tabu Search (TS) in calculating makespan and
which can result in better production efficiencyhafging determining job sequences is an optimization methatl
the job sequence shows that this method consithers tearches for the optimal job sequence to mininhieedtal
specific characteristics of each job and the lefelemand completion time (makespan), uses a tabu list tadavo
in optimizing the schedule. Despite the order ckatige newly explored solutions, generates and evaluates
increase in makespan remains significant, indigatirat neighboring solutions by swapping job positions;egt
production capacity may need to be increased ftsetter or less tabu solutions, and iterate thege®to find
accommodate higher demand. When compared with tiie best solution. The results of makespan caloukt
initial method, Simulated Annealing is likely togaiuce a made using Visual Basic 6.0 and the TS techniqee ar
lower makespan and a more optimal job sequence. displayed in Figure 6, Figure 7, and Figure 8. Témilts
of the work sequence and makespan for three demand
variations are derived from the Visual Basic 6 €utts.

~ 97 ~

Copyright © Acta Logistica, www.actalogistica.eu



Acta logistica - International Scientific Journal about Logistics
Volume: 12 2025 Issue: 1 Pages: 91-102 ISSN 1339-5629

Performance analysis of production scheduling in Toyota simulation
Saiful Mangngenre, A. Besse Riyani Indah, Diniary Ikasari Syamsul, Azran Budi Arief, Olyvia Novawanda

B9 TABU SEARCH (DEMAND 1) — m] 4
Wiork Work Work Wiork
Statior 1 Station 2 Station 3 Station 4 A [der M akespary
JOE 1 i 3877 i 6493 ! 106.03 i 11936 [1)123456 ~ {58554 ~
21123465 59566
JOB 2 3) 123545 568
! 94.29 ! 126.58 i 18294 ! 203.39 4123564 £9g 41
5] 123645 59333
JOB 3 i 15377 i 198.76 i 253,42 l 28063 |5 123654 593 41
71124356 5757
JOE 4 2] 124365 BE0.49
! 23515 ! 276.54 ! 317.67 ! 341.37 51154538 e
10] 124563 577.71
JOB & ! 341 61 ! =l ] i 452 58 ! 48012 H1)124635 580,49
12] 124653 577.71
JOEB & ! 471,43 ! 528.07 ! 535 24 ] 64595 [13)125346 Rl 18 ~
—whork Orders and Shortest M akespan-
Inout Dats | EREE =5 [peaE7
Figure 6 Demand 1 tabu search
3 TABU SEARCH (DEMAND 2) w2 O >
whork, wihork, wiork, ok,
Station 1 Station 2 Station 3 Station 4 “work Order Makespan
JOB 1 l 4595 l 76.95 l 12566 l 141.45  [1)123456 ~ |681.37 ~
21123465 EB33.33
JoB 2 2] 123545 £79.35
l 11054 I 14676 I 21337 I 23712 41123564 697 95
51123645 B8E.57
JOB 3 l 1784 l 229.81 l 29228 l 32344 161123654 £91.95
71124356 BEE.3
JOB 4 8] 124365 E735
l 274.86 I 32391 I IT2ER I 400.75 51124538 Rt
JOES 10] 124563 E72.81
l 395.43 l 45913 l 527.35 l 559.33  |41] 124635 E735
121124653 E72.81
13] 125346 v |B79.35 v

JOB B l B4E.92 I E11.68 I E29.45 I T47 48

~Work Orders and Shortest M akespan -
Input Data ‘ i Start BRI FBG':E?

Figure 7 Demand 2 tabu search

B TABU SEARCH (DEMAMND 3) — O >
Wwhork, work wiork otk
Station 1 Station 2 Station 3 Station 4 twfork Order Makespan
JOB 1 I 5313 I 88.97 I 145.3 ! 16356 |1]123456 w 77423 -~
21123465 783.02
0B 2 3) 123545 771.34
I 126.7 ! 167.95 I 24381 I 270.86 1) 193564 PR B
51123645 779.82
JOB 3 I 202.08 ! 2E0.89 I 33117 I 3EE.Z2 |G)123654 78554
71124356 7E0.93
JOB 4 [314E8 Iz 427 E7 46074 81124365 767.33
l ! l l 9] 124536 756.91
101 124563 7E7.92
JOB & l 45528 ! 524 .44 I E0214 I E38.57 11%124535 TEE.52
121124653 7E7.92
JOB 6 I 522,36 ! £35.1 l 78275 I 84798 131125346 v |771.84 <

—Woark Orders and Shortest Makespan-

[prizesas [EEaT

Input D ata 1

Figure 8 Demand 3 tabu search

Table 5 shows the results of applying the Tabu@®earscenarios. For the three demand variations, theu Tab
method for job scheduling with three different desha Search method produces the same job sequence. This
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indicates that this sequence tends to be optimalear structural advantage in minimizing idle time betwee
optimal for various levels of demand. It can bensd®t workstations. The rise in makespan from Demand 1 to
makespan increases as demand increases. ThisidallogDemand 2 (16.4%) and from Demand 2 to Demand 3
because higher demand usually requires longer ptiotu  (14.1%) demonstrates that the relationship betwheerise
times. Sequence consistency indicates a consigent in production time and the rise in demand is noessarily
sequence indicating that this sequence may haveli@ear.

Table 5 Makespan and job sequence tabu search method

Demand Variations M akespan (minute) Job Sequence
Demand 1 569.67 J1-J2-J4-J5-J3-J6
Demand 663.27 J1-J2-J4-J5-J3-J6
Demand 756.¢1 J1-J2-J4-J5-J3-J6

The efficiency improvement at higher demand levelsffectiveness in addressing dynamic production
despite the disproportionate increase in makespaegquirements, making it a valuable tool for optimiz
indicating a robust solution applicable across ausi scheduling processes in  diverse  manufacturing
demand scenarios. The TS method showcased in #mvironments [33].
research demonstrates its capability to manage mtma
variations without altering the job sequence, dafigr 4.4 Comparison of makespan values
significant utility in production planning [32]. T Table 6 shows makespan data which shows a
approach not only optimizes makespan but also easucomparison between three scheduling methods, naiely
adaptability to fluctuating demand levels, enhagcininitial Method, Simulated Annealing, and Tabu Skafor
operational flexibility and efficiency in productio three different demand scenarios.
scheduling. The consistent job sequence for differe
demand levels underscores the method's resiliende a

Table 6 Comparison of makespan values

Demand 1 Demand 2 Demand 3
Method (minute) (minute) (minute) Job Sequence
Initial Methoc 588.5¢ 681.3¢ 774.2. Same for every dema
Simulated Annealir 569.€7 663.27 756.41 Not the same for every dem:
Tabu Searc 569.€7 663.27 756.41 Samefor every demar

The Initial method produces the highest makespan fmethods produce identical makespan, indicating bt
all scenarios, while Simulated Annealing and Tabar€h are able to achieve optimal or near-optimal reshlsugh
show identical and better performance. These twhods different approaches. Based on these results, both
succeeded in reducing makespan by 3.2% for DemandSimulated Annealing and Tabu Search can be
2.7% for Demand 2, and 2.2% for Demand 3 compared tecommended as effective optimization methods H t
the Initial Method. Although these improvements maproblem. Both outperform the Initial Method in tesrof
seem small, in the context of large-scale prodogtwyen makespan minimization. The choice between these two
small reductions in makespan can result in sigmific methods may depend on user preference:
savings. The increase in makespan as demand irsrisas » If flexibility in responding to changes in demand
seen consistently across all methods, with an asereof is considered important, Simulated Annealing
around 16.4% from Demand 1 to Demand 2, and 14.1% may be preferred.
from Demand 2 to Demand 3. This shows that all wdth « If job sequence consistency is considered
respond proportionally to the increase in workload. important for long-term planning, Tabu Search
Additional information about the job sequence pded is may be a better choice.
obtained based on the three methods used:

* The Initial Method produces the same job For practical implementation, it is recommended to:

sequence for each demand. « Adopt Simulated Annealing or Tabu Search as a
e Simulated Annealing produces a different job replacement for the Initial Method.
sequence for each demand. e Carry out further analysis to understand the

» Tabu Search produces the same job sequence for
each demand.

implications of the differences in job sequences
produced by Simulated Annealing.

» Consider factors such as solution stability,
computing time, and ease of implementation in
final method selection.

This shows that Simulated Annealing is more flexibl
in responding to changes in demand, while TabucBear
finds a more consistent solution. Nevertheless,h bot
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In conclusion, although both metaheuristic methodscenarios, for example with more types of produsts
show similar performance in terms of makespan, theorkstations.
difference in the sequence of generated jobs caanbe
important factor in the choice of method dependinghe Acknowledgement
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