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Abstract

Assembly lines are flow-line production systems, where a series of workstations, on
which interchangeable parts are added to a product, are linked sequentially according to
the technological restrictions. The problem of assembly line balancing is a non-
deterministic polynomial-time- hard optimization problem.

This paper utilises three different priority-based heuristics and Genetic Algorithm
(GA) in solving assembly line balancing problem. The GA also adopts a fitness function
based on realized cycle time and a crossover based on fitness ranking.

The assembly line of a production system was solved using the number of stations,
line efficiency and smoothness index as the performance criteria. The objective is to
minimise the number of workstations and /or to minimise the cycle time. The existing
assembly line having five stations with 74.29% efficiency and a smoothness index of 5
was optimised to four stationswith line efficiency of 92.86% and smoothness index of 2.

The results obtained revealed the effectiveness and high efficiency of using this
genetic algorithm in solving ALBPs. The suitability in giving optimum solutions to
simple assembly line balancing problem (SALBP) results from the robustness and
flexibility of the genetic algorithm.
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NOMENCLATURE AND SYMBOLS

ALBP- Assembly Line Balancing Problem
CR- Realized cycle time

CT- Cycle time

LE- Line efficiency

LOT- Longest Operation Time

GA- Genetic Algorithm

GGA- Grouping Genetic Algorithm
RPW- Ranked Positional Weight
SA- Simulated Annealing
SALBP- Simple Assembly Line Balancing Problem
Sl- Smoothness index

ST- Station time

m- Total number of workstations
n- Number of chromosomes

G Parent chromosome

F;- Fitness of a chromosome

i- Chromosome number

0; Offspring

P.- Crossover probability

P;- Selection probability

P, Mutation probability
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1.0 Introduction

Assembly line is a manufacturing layout in whichuiggnent or work processes are grouped togetherr@iocpto the
progressive steps by which the product is made.aBsembly line is defined by the sequence of sexpgired to make the
product.

The assembly line balancing problem is a decisimblpm on how best tasks are to be assigned teatieus workstations
in order to increase efficiency. This increase fficency can be approximated to the minimizatiohtlee number of
workstations and the maximization of the productiate. Thus, minimizing the total assembly costlevisiatisfying the
demands and some restrictions like precedencéam$aamong tasks and some system specific contstrain

The assembly line in which a single product is picEtl is referred to as the simple assembly linartzithg problem
(SALBP). The simple assembly line balancing problean be classified into two types based on thectibgs. When the
minimization of the number of workstations along thssembly line is the concern of the assembly Bilancing, the
assembly line balancing problem is called the typ&-BP or SALBP-1. The second class known as type-3ALBP-2 has
the objective of minimizing the cycle time for asgh number of workstations thereby increasing #te of production.
Assembly line can be deterministic or stochastibewworks are processed at a constant speed,gbmlaly line is said to
have a deterministic task time; when there areatiaris in the task time, the assembly line is refitto as stochastic.

From the interview with the production manager, fireduction system under study has not been retadasince it
commenced production in 1985. This study is amgitdo create a template upon which further impnoset can be made
through line balancing. The aim of this study isig® a combination of known heuristics and geradjorithm to solve and
optimize assembly line balancing problems. This @&f@roach uses the longest operation time, ranksitiggwal weight and
the kilbridge-wester heuristics in assigning tatkshe various workstations. This work is intendecembrace the use of
models in evaluating and optimizing the performaoicgroduction systems.

The objective is to increase the line efficiencyl do reduce the cycle time thereby maximize thedpetion rate and the
smoothness of the assembly line.

2.0 Literature Review
The application of genetic algorithm in solving esbly line balancing problems has become an araaeatt interest to
most recent researchers on line balancing. Margarebers have proposed different encoding schenhdiffarent methods
of generating an initial population.
Anderson and Ferris [1] considered the applicatbgenetic algorithm in solving assembly line balag problem. The
study underscores the importance of the correcicehof a scaling parameter and mutation rate taurenshe good
performance of a genetic algorithm. Comparisons/éen the parallel and serial implementation of mbde line balancing
using genetic algorithm were also made.
Yu and Yin [2] presented an adaptive genetic atborias an intelligent algorithm for the assembhe Ibalancing. In this
paper, the probability of crossover and mutatiors \djusted dynamically according to the individfialess value. The
individuals with higher fitness values were ass@jteelower probabilities of genetic operator, anewersa.
Norozi et al [3] proposed a new approach of hylgedetic algorithm-simulated annealing (GA.SA) inmpéntation in order
to meet objectives of the assembly line balancirgblems. In order to check the efficiency of hybsigarch techniques, a
comparison was made between the results obtainkghnd GA.SA and GA and this comparison validateseffectiveness
of their approach.
Razali and Geraghty [4] adopted the biologicallgpined evolutionary computing tool which is genetigorithm to solve
assembly line balancing problem with the objectifeminimizing the idle time in the workstation. They issue in this
paper was how to generate a feasible sequencsloivisich does not violate the precedence constrardgrder to generate
only feasible solution, a repairing strategy basedopological sort was integrated in the gendgorthm procedure.
Levitin et al [5] introduced two different procedsrfor adapting the GA to the robotic assembly bakancing problem by
assigning robots with different capabilities to w&tations. The recursive assignment procedure antbresecutive
assignment procedure were introduced. The resfiltseoGA were improved by a local optimization [(ldlimbing) work-
piece exchange procedure.
Chong et al [6] made a comparison between a randgerierated initial population and a heuristic teddnitial population.
Both populations were tested with a proposed GAgusstablished test problems from literature. Hisknalso showed that
the GA using a fitness function based on realizadectime is capable of generating good solutions.
Ponnambalam et al [7] proposed a multi-objectivaegie algorithm to solve assembly line balancinge Tperformance
criteria considered include the numbers of workstet the line efficiency, the smoothness indeotetrade and transfer
and the smoothness index after trade and tranfer.developed genetic algorithm in his work was jgarad with six
heuristics algorithm namely, ranked positioned \weigilbridge and wester, moodie and young, Hoffmarocedure matrix,
immediate update first fit and rank and assign iséarmethods. It was better in all the performaneeasures than these
heuristics.
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The purpose of this study is to utilise airfistic encoded GA which combine three heuristitsalving ALBPs. The
performance measures used in evaluating this GAhareumber of stations, line efficiency and smaoe#s index. From the
basis of these criteria, the GA is able to giveiroptn solutions for assembly line balancing problesithin a reasonable
implementation time.

3.0 Methodology
In this paper, the single model assembly line tafan problem is considered and the proposed gergjorithm is
described as follows:

a) Representation of chromosomes
The genetic algorithm proposed adopts the heutlistsed encoding system. A chromosome is reprasbgtany sequence
of heuristics which are used in assigning tasléovarious workstations following the workstatiaieated approach. In this
approach, tasks are assigned to various workstafisniong as the total station load does not extiemgrescribed cycle
time.
The heuristics adopted in this GA are the longpstration time heuristic, the ranked positional weidRPW) technique and
the kilbridge-wester heuristic.

b) Random generation of initial population
This procedure involves the generation of randomomiosomes. A chromosome is a feasible solution wghiength
determined by the number of tasks and genes usegtesent the heuristics used.
A population size o2n to 4nis usually taken as initial population size [8have n is the number of task.

c) Evaluation of fitness function
The fitness function used in this paper is the éffeciency.
Line Efficiency (LE) is the ratio of cumulative sitan time to the cycle time multiplied by the numlmé work stations. It
shows the percentage utilization of the line [6p Maximize the line efficiency we incorporate tlemlized cycle time
instead of the prescribe cycle time. The realizgdectime is the maximal station time after thektassignment process.
According to [6],

Line efficiency (LE}= % (1)

where: ST=Station time is duration of station
m =Total number of workstations
CR=Realized cycle time
i= Chromosome number.
The smoothness index for each chromosome was égdluga smoothness index of 0 indicates a perfeleinioea [9].

Smoothness index (SB Y7 ,V(ST,ax — ST;)? (2)

d) Selection
After the evaluation of the chromosomes, some @fcfiromosomes are chosen in order to create thiegaagration. In this
paper, 80% of the total population is selected oamg [10] with a selection probability given as

—_Fi
— §n
Zi=1Fi

P; (8] ©)

Where:
P ;= selection probability
F; = Fitness of a chromosome
n = Number of chromosomes i=
Chromosome number
The worst 20% are allowed to die. This methodnsilar to the roulette wheel selection procedure iartthsed on the theory
of the survival of the fittest [10].
e) Crossover
The selected chromosomes are ranked and paireddaugdo their efficiency and smoothness index (ingt two fittest
chromosomes are paired). This GA adopts the twotpoder crossover operation where two points andomly chosen and
the genetic material between them is swapped t® o offspring [11]. The crossover probabilityassumed to be unity,
that isP.=1.0
f)  Mutation
The mutation operator has the effect of creatimgwa offspring which cannot be created by the omjiaossover operator.
After crossover has been applied, we apply the tiomtaperator based on a mutation probabilRy éay 0.2). We use the
scrambled mutation operator in which two pointsrarelomly selected and scramble the elements wiit .
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After the new offspring are created with the cregsand mutation operators, the successor generatigenerated with all
the new offspring and 20% of the preceding popaitasielected as pareto optimal solutions basedeinfitmess values. This
concept of replacement is referred to as the mligategy.

g) Termination
This GA procedure can be repeated as many timedesised. It will be terminated after the prescribagmbers of
generations has been completed say 50 and iftaftgfl0) successive generations, no improvementeaized.

4.0  The Heuristics Used.
The three heuristic algorithms combined and recaetiare explained below.
A. Longest operation time technique (LOT)
i. Construct the precedence diagram from the precedaide
ii. Arrange the task in descending order of their tamk i.e. from the longest to the shortest.
iii. Assign the longest operation first while maintagqnprecedence and cycle time restriction. [12].
B. The ranked positional weight technique (RPW).
i. Construct the precedence diagram
. Determine the positional weight of each task. Thsitpnal weight of a task is the summation of thek
time and the processing times of all its successors
iii. Rank the tasks in descending order based on thtopas weight. i.e. from the highest PW to thevist
PW
iv. Assign the task with the highest RPW first and pestin that manner maintaining precedence and cycle
time restrictions.[9]

C. The Kilbridge-Wester heuristic.
i. Construct the precedence diagram.
ii. From the precedence diagram, list in column | adks without precedence. In column Il list all ®skat
have those in column | as their immediate precegle@ontinue to the other columns in the same way.
iii. Assign task to the workstations starting with cotuhand continue while maintaining cycle time rision
[13].

The proposed genetic algorithm combined and recoedbihese heuristics.
5.0 Manufacturing Scenario:

The company under study, located in Delta Statgefl started production in 1985. The raw materiaded for the
manufacturing of flexible polyurethane foam areugred into two namely;

i. The major or primary raw materials

ii. The minor or secondary raw materials

The major or primary raw materials are chemicalthout which flexible polyurethane foam productiovill not be

possible and these chemicals include; polyol, wdugi-isocyanate (TDI) and water.
Polyol is an organic chemical which belongs toréiary class of alcohol. Before production staitshould be chilled to a
temperature range of 22 -’25
Toluene di-isocyanate is a clear, almost colouyllesg viscous and toxic liquid with a charactedgpungent smell. It forms
the back bone of the chain reaction mechanism efitfle polyurethane foam. Prior to production, st dhilled to a
temperature range of 20 —’g5by a chilling machine.
Water is the main blowing agent in flexible polytlnv@ne foam production.
The minor raw materials are those chemicals witlhith foam production and reactions can take plabey are usually
called stabilizers and activators. These chemigabide; silicone oil, amine, stannous octate. ©theditives include;
methylene chloride (auxiliary blowing agent), catant and fillers. When auxiliary blowing agentaskte used, they must be
cooled below their boiling point.
After these required chemicals had undergone therakreactions at the production stage in a foneti layout to give the
actual foam blocks, several tasks are performedhenblocks in an assembly line in order to have fthal product
‘mattress’. The series of tasks performed on tlenfdlock after the initial production process i®kmn as foam conversion.
The flow diagram of the production system is shamwRigure. 1
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Figurel: The Flow Diagram of the Production System
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Table 1 shows the outline of the various tasksqueréd during the conversion process.

Table 1.Summary of tasks involved

Task Task description Task numbe rTa_Sk time
(minutes)
Measurement of the actual size of a block
Block sizing and marking out of the desired size of 1 1
mattress.
Cover cutting Cutting the bed cover to the required size. 2 4
Vertical slicing ICe:lrJ]téltrt:g the block to the desired breadth and3 >
. Forming a rectangular cover for the four
Corner sewing sides of the mattress 4 3
Horizontal Cutting the block to the desired height 5 5
slicing
Rubbing Rubbing the entire bed with an adhesive 6 4
Bed covering Covering the bed with bed covers 7 2
Mattress sewing Sewing the mattress to the bed covers 8 5

The production time available per day=8hrs=480mins
Desired units of output=70 units
Actual units of output varies between 50-60 units

. Producti ti i 480 i .
Cycle time (CT) Zroduction time (mins) _ 480 mins) _ g gg~ 7mins.
Desired units output 70
.. . Total task ti i 26 . .
The minimum number of stationsi22Laskime mins) - _ 26 _3 714 j e. 4 stations.
Cycle time (mins) 7

Assumptions

1. The foam blocks are in good condition

2. Only a particular size of mattress is produced dithensiong2x64x22 inches

3. There is no accident or machine breakdown.
This illustrative problem with 8 tasks and a cytitee of 7mins is described in the precedence tsitibevn below. The
precedence diagram is shown in Figure 2
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Table 2.The precedence table (CT) = 7utdis

Task Numbe Task Time (minutes) Immediate Predecessor Task
1 1 -
2 4 -
3 2 1
4 3 2
5 5 13
6 4 135
7 2 1,2,3,4,5,6
8 5 1,2,3,4,5,6,7
lmin 2mins Smins 4mins

Figure 2.Precedence Diagram

The existing assembly balance is shown in Table 3
Table 3.The existing assembly line balance

Stationi | Task No.| Task Time Station time (ST;) | ST — ST;
1 é ! 3 4
5 5 5 5 5
s i |57 0
A R FE 1
5 8 5 5 2
Line efficiency (LE) == Zi=15Ti = G¥S+7+645) o 10 = 74 2904

m XCR 5%x7
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Smoothness index (S B2, V(STpax — ST)? = V(42 +22+12422) = 5
This illustration problem is now solved using the liree heuristics and the proposed genetic algorithm
Using longest operation time heuristic
Table 4 shows the task ranking based on their tiparame and the allocation of tasks to the de#fg@rworkstations, the line

efficiency and the smoothness index using the L@dristic is shown in Table 5

Table 4.Ranking of the tasks using the LOT heuristi

Task Time Rank
5,8 5 1
2,6 4 2
4 3 3
3,7 2 4
1 1 5

Table 5.Assembly line balance using LOT

Stationi | Task No.| Task Time Station tin{8T;) | STypax — ST;
1 2 4 7 0
4 3
2 1 1 3 4
3 2
3 5 5 5 2
4 6 4 6 1
7 2
5 8 5 5 2

Line efficiency (LE) = 74.29% and Smoothness inffej) =5
Using ranked positional weight
Table 6 shows the task ranking based on theiripositweight and the allocation of tasks to thdeddnt workstations, the
balanced line is shown in Table 7
Table 6.The positional weight and rank

Task| pgsitional Weight Rank
1 119 1
3 |18 2
5 |16 3
2 14 4
6 |11 5
4 |10 6
[ 7
8 |s 8
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Table 7.Assembly line balancing using RPW

Stationi | 145k No.| Task Time (minutes)Station ime(ST,) | ST,,ay — ST;
1 1 1 3 p
3 2
2 5 5 s 5
3 2 4 4 3
4 6 4 7
4 3
c 7 2 . 0
8 5

Line efficiency (LE) =74.29% and Smoothness inff#&l) =5.39

Using Kilbridge-Wester heuristic
Table 8 shows the task ranking based on their geeez and the allocation of tasks to the diffevemikstations, the
balanced line is shown inTtable 9

Table 8.Ranking of the tasks using Kilbridge-Westeuristic

Column| Task| Rank
I 1,2 1
Il 34 | 2
1] 5 3
v 6 4
V 7 5
VI 8 6

Table 9.Assembly line balancing using kilbridgestes

Stationi | Task No.| Task Time (minutes)Station time (ST;) | ST,ax — ST;
1 1 1
2 4 7 0
3 2
2 4 3 3 4
3 5 5 5 2
4 6 4 6 1
7 2
5 ) 5 5 2

Line efficiency (LE) =74.29% and Smoothness (&) =5
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USING THE PROPOSED GENETIC ALGORITHM
We have the following steps;

Step 1: representation of chromosome.

The chromosome is a string of 8 genes corresporidittte 8 tasks.
Let; Gene A be task assigned using heuristic A,

Gene B be task assigned using heuristic B,

Gene C be task assigned using heuristic C

Hence, the heuristic encoding scheme.

Step2: random generation of initial population.
Usually, the population size ranges fr@mto 4n[8]. In this illustration,
the population size is taken to be 2n+4 where nefriasks. Therefore, population size= (2x8) +4=0e randomly
generated initial population with 20 chromosomeshiswn in Table 10.
Table 10.The randomly generated initial population

Genes
Chromosomes

112|3|4| 5| 6| 7| 8
1 C C| Al A B| B| C
2 C|C|B| Al C| B|] Al A
3 AlA|B|A|B|C|A|B
4 B|B|C|C| C| Al Al A
5 B|A|C|C| Al A B|B
6 A|B|B|A|B|B|A|A
7 A|C|A|lA|C|B|A|C
8 B|A|C| B|C| B| B| B
9 B|B|A| B|B|A|A|C
10 B|AIA|B|B|C|C|A
11 C|B| Al B|B| Al C| A
12 Cc|C| Bl A| B|] C|] B|] C
13 AlC|B|AlA Al A|B
14 AlC|B|A B|C| A C
15 B|C| Al C| B| Al C| A
16 c|B| B|B| C|] C| C|] B
17 C|C| Bl Al B|] C| Al C
18 C|C| Al B| C| C| B|] A
19 C|B|AlA|lA|A|B| B
20 B|B/A|B|A|A B|B

Step 3: evaluation of objective and fithess functio
Calculate the line efficiency and the smoothnedsyrusing equations 1 and 2. Table 11 indicatesbeumof stations,
line efficiency, the smoothness index and rankaahechromosome in the initial population.

Step 4: Selection
Using the pareto approach, select 80% of the 26nebsomes i.e. 16 chromosomes randomly based @sgitinsing the
selection probability using equation (3). Tablesh®ws the selection probability for each chromosontibe population
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Table 11.The objective function and fitness values

chromosome No of station Line efficiency Smoothriadex Rank
1 4 92.86 2 1
2 4 92.86 2 1
3 5 74.29 5 3
4 5 74.29 5 3
5 5 74.29 5 3
6 4 92.86 2 1
7 5 86.67 2 2
8 4 92.86 2 1
9 5 74.29 5.39 4
10 5 86.67 2 2
11 5 74.29 5.39 4
12 4 92.86 2 1
13 4 92.86 2 1
14 4 92.86 2 1
15 5 86.67 2 2
16 5 74.29 5.39 4
17 4 92.86 2 1
18 5 86.67 2 2
19 5 74.29 5.39 4
20 5 74.29 5.39 4

Table 12.The selection probabilities

chromosome Line efficiency Selection probability n@dative probability
1 92.86 0.055 0.055
2 92.86 0.055 0.11
3 74.29 0.044 0.154
4 74.29 0.044 0.198
5 74.29 0.044 0.242
6 92.86 0.055 0.297
7 86.67 0.051 0.348
8 92.86 0.055 0.403
9 74.29 0.044 0.447
10 86.67 0.051 0.498
11 74.29 0.044 0.542
12 92.86 0.055 0.597
13 92.86 0.055 0.652
14 92.86 0.055 0.707
15 86.67 0.051 0.758
16 74.29 0.044 0.802
17 92.86 0.055 0.857
18 86.67 0.051 0.908
19 74.29 0.044 0.952
20 74.29 0.044 1

Journal of the Nigerian Association of Mathematical Physics Volume 25 (November, 2013)251 — 266
261



Edokpia and Okonta Jof NAMP

Solving Assembly Line Balancing Problems

Table 13.The Crossover of the First Generation
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Step 5: Crossover.

A two point crossover is applied to the two seldateromosomes using a crossover probabilityl.0 based on their fithess
value. In this crossover, we randomly select twinso(in this case the 3rd and 5th gene) on themarthromosomes and
exchange the genetic materials between the pagmtap( crossover). This generates two new offsprivegsng the genetic
composition of the two parents as shown in TablePa&ent chromosome is designatedCaand the offspring witld;.
Applying the two point crossover to the selectetbofbosomes usingc=1

Step 6: Mutation
Apply the scramble mutation wifhn=0.2. This implies 0.2x20<40ffspring. Choose the two points randomly as 3rd a
5th genes and scatter the genetic component whkipoints as shown in Table 14

Table 14. The Mutation of the First Generation

chromosomes genes
1 |2 |3 4 5 6 7 8
C, B A B A B B B B
0, B A B B A B B B
The Pareto Optimum Solutions of First Generation:
Optimum solutions of first generation are showiT &ble 15.
Table 15. pareto optimal chromosomes
chromosomes genes
1 | 2 | 3 4 5 6 7 8
C, C B C A A B B C
C, C C B A C B A A
Ce A B B A B B A A
Cg B A C B C B B B

The pareto optimal solutions realized from thei@hpopulation are shown in Tables 16 -19
Table 16.Chromosome 1 Assembly line balancing

Stationi | Task No.| Task Time (minutes)Station timeST; | CR-ST;
1 1
! 3 2 7 0
2 4
2 5 5 5 2
6 4
3 4 3 7 0
7 2
4 8 5 7 0

Line efficiency (LE) = 92.86% and Smoothness infgby =2
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Table 17.Chromosome 2 Assembly line balancing

Task No.| Task Time (minuteg) Station ti§ie | CR-ST;
1 1 1
7 0
2 4
2 5 5 5 2
3 4 3
7 0
6 4
4 7 2
7 0
8 5

Line efficiency (LE) = 92.86% and Smoothness in(ey =2

Table 18.Chromosome 6 Assembly line balancing

Stationi | Task No.| Task Time (minuteg)Station timeST; | CR-ST;
2 4
1 1 1 7 0
3 2
2 5 5 5 2
6 4
3 4 3 7 0
7 2
4 8 5 7 0

Line efficiency (LE) = 92.86% and Smoothness (&) =2

Table 19.Chromosome 8 Assembly line balancing

Stationi Task No. Task Time Station tinsd; CR-ST;
1 1
1 2 4 S 2
3 2
2 5 5 7 0
4 3
3 6 4 ! 0
7 2
4 8 5 ! 0

Line efficiency (LE) = 92.86% and Smoothness (&) =2

The Successor Generation
The next generation after crossover and mutatishasvn in Table 20.
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Table 20.The successor generation

Chromosomesg Genes

112|3| 4| 5| 6| 7| 8
1 cC|B|B|A|C|B|B|C
2 C|C|C|A| A B|AlA
3 Al/B|C|B|C|B|A|lA
4 B|A|B|B|A|B|B|B
5 C|C|B|A|A|C|B|C
6 A|C|B|A|B|A|A|B
7 A|C|B|A|B|C|A|C
8 C|C|B|A|B|C|A|lC
9 B|A|A|A|C|A|B|B
10 AlC|C|C|A|lB|A|C
11 B|A|A|C|B|C|C|A
12 B|C|A|B|B|A|C|A
13 C|C|B|A|C|C| B| A
14 A|/A|A|B|C|B|A|A
15 B|B|A|B|B|A|A|A
16 B|B|C|C|C| Al A|lC
17 C|B|C|A|A|B|B|C
18 C|C|B|A|C|B| Al A
19 A|/B|B|A|B|B|A|A
20 B|A|C|B|C|B|B| B

Step 7: termination.

This GA will terminate after the prescribed stogpariteria have been met. The stopping criteriogdus this illustration is
the stall generations. The stall generation isnln@ber of iterations with no improvement in thetifgeess value [6] in this
case, the stall generation is 10.

6.0 Results and Discussions

The results produced by the proposed genetic afgorfor the illustrative problem gave an assembig with minimum
possible number of workstations, which is four (By adopting the concept of realized cycle time chhbelects the
maximum station time obtained as the actual cyuoie,ta cycle time of 6 minutes was obtained fostxg five workstations
instead of the prescribed cycle time of 7 minutes.

The result of each of the three heuristics utilisethis study as illustrated in Tables 5, 7 artth®l shown the superiority of
the adopted genetic algorithm in realizing an optimsolution for assembly line balancing problentsisTs verified as the
three heuristics have line efficiencies of 74.29%hwive stations each while the genetic algoritlapproach has the
efficiency of 92.86% with four stations.

7.0  Conclusion

The genetic algorithm methodology utilised in tipiaper combined three different heuristics in s@vassembly line
balancing problems. With the concept of the redlizgcle time and parent selection based on fitmasging, the GA
undergoes less iteration to obtain optimum solstifor ALBPs. The assembly line network of the prtéhn system
considered was optimised from the existing fivetists with an efficiency of 74.29% and smoothnes$ek of 5 to a
network having four stations with an efficiencyd#.86% and a smoothness index of 2.
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