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Differential evolution algorithm for simple assembly line balancing type 1 (SALBP-l)
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This article proposes a differen~ia~evolution algorithm(DE) for solving type I simple assembly line balancing problem
(SALBP-!). The proposed heuristiccomposes of four main steps: (I) initialization,(2) mutation, (3) recombination,and
(4) selection process. A new decoding scheme is proposed along with new recombination formulasbesides those found
in literatures.The computationalresults based on many tests using set of standard instances show that the proposedDE
algorithm is very competitivefor solving SALPB-l.

Keywords: simple assembly line balancing; differential evolution algorithm; binomial recombination; exponential
recombination

1. Introduction

A typical assembly line balancing problem consists of
series of jobs or tasks that must be performed on a pro
duction line. A task must be assignedto one workstation.
The assignment of tasks is carried out to optimize some
predefined objective function with predecessor con
straints, cycle time constraints, etc. The objective func
tions found in literatures include minimal number of
workstations,minimal cycle time, maximal assembly line
efficiency, etc. (See, e.g. Kilincci [14], Peeters and
Degrave [26] and Bowman [4] or simultaneously such
as Scholl [31], Baybars [1], Nearchou [21] and
Nourmoharnmadiand Zandieh [24].

Simple assembly line balancing problems (SALBPs)
are normally representedin the form of precedencegraph
that is consisted of nodes and edges. Each node in the
graph represents a specific task, while an edge connect
ing two nodes representsthe precedencerelationbetween
the corresponding tasks. An example of a precedence
graph for an eight-tasksALB is given in Figure 1. The
number inside each node represents task label while the
number outside the node represent processing time for
the corresponding task. In Figure I, tasks 1, 2, 3, 4, 5,
6, 7, and 8 has processing time 5, 7, 4, 4, 9, 3, 8, and 3
time units, respectively.A precedenceconstraint is repre
sented as edge to restrict production sequence of the
tasks in the precedence graph. For instances, task 2 and
task 3 can proceed only when task I has already fin
ished.

The SALBP can be categorized into two types. The
first type, SALBP-I, attemptsto minimizenumber of sta
tions for a given cycle timewhile the second type, SAL
BP-2, tries to minimize cycle time of a workstationfor a
given number of workstations. This article focuses
mainly on solving SALBP-I, because it is widely used

in textile industry to reduce number of workstationsl
machines/workers.These reductions lead to decreasepro
duction cost and improve the cost competitivenessof the
plant.

SALBP is one of the NP-hard problems (Baybars
[1]) that had been intensively studied by many research
ers in the field of operational research and production
planning (Scholl and Becher [32], Erel and Sarin [8],
Becher and Scholl [3] and Baybars [1,2], Vila and Pere
ira [39]). In the early years, the researchersmainly solve
SALBP by trial-and-error method until Salveson [30]
formulatedmathematical model for the problems. Since
then, various exact and heuristic methods such as linear
programming, integer programming, dynamic program
ming, and branch-and-bound methods have been
proposed.

Because the exact methods can only solve small size
problems,many researchers tum their interest to develop
heuristic method for solving practical size industrial
problems. Iterative backtracking method (IBM) is a
heuristicmethod for solving SALBP-I that is simple and
effective. The two main steps of IBM are: (I) form a
feasible solution and (2) improve the solution by apply
ing some backtracking methods such as branch and
bound method, enumerative heuristics and linear pro
gramming to the problems. Notable IBM algorithms
include FABLE by Johnson [12], OptPack by Nourie
and Venta [23], EUREKAby Hoffinann [II], SALOME
by Scholl and Klein [33], AGSA by Sprecher [35], Peet
ers and Degrave [26], Kilincci [14] and Fleszar and
Hindi [9].

Recently, metaheuristic received huge attention from
many researchers. For instances, Tabu search by Scholl
and VoJ3[34], Chiang [6], and Lapierre et al. [16];
genetic algorithm by Kim et al. [15], Rubinovitz and
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Figure 1. An exampleof precedencediagramof ALB.

Levitin [28], Bautista et al. [5] and Sabuncuoglu et al.
[29]; particle swam optimizationby Harntaa et al. [10];
simulated annealing by Khorasanian et al. [13]; and
differential evolution (DE) algorithm by Nearchou
[18,20,21] and Nourmohammadiand Zandieh [24].

DE was proposed by Stom and Price [36] to solve
continuous optimization problems. In recent years, DE
has been applied to many combinatorial optimization
problems such as job shop and flow shop scheduling
problems (Wisittipanich and Kachitvichyanukul[41,42],
Tasgetirenaet al. [37], Onwuboluand Davendra[25] and
Li and Yin [17], Nearchou [19]), scheduling and
resource allocation problem (Tsai et al. [38]), joint
replenishment and delivery problem (Wang et al. [40]),
and multimode resource constrained project scheduling
problem (Nguyen and Kachitvichyanukul [22]). These
successful applications of DE to various NP-Hard
problems are the main motivation to develop DE-based
algorithm for solving SALBP-I.

A multiobjectivesimple assemblyline balancing type
2 (SALBP-2) has been solved using DE by Nearchou
[21] and it shows that DE outperforms genetic algorithm
proposed by Kim et al. [15]. Nourmohammadi and
Zandieh [24] also uses DE to solve the same problem as
Nearchou [21] but by using differentevaluationschemes
than that of Nearchou [21]. Nourmohammadi and
Zandieh [24] uses Pareto dominanceconcept and creates
new evaluation scheme based on TOPSIS algorithm
while Nearchou [21] uses a weight-sum of multiple
objective as tool to evaluate solutiongeneratedfrom the
algorithm.

Although, DE has been successfullyapplied to solve
multiobjective SALBP-2 as proposed in Nourmoham
madi and Zandieh [24], the only DE-basedalgorithmfor'
SALBP-I was proposed by Nearchou [18] and tested
with 64 benchmark test problem instances found in the
literature. Nearchou [18] constructs a solution by form
ing an order of items that will be assigned to worksta
tions and then assigned them to a station according to
that order. However, the orderingof items does not con
sider the precedence diagram so infeasiblesolutionsmay
be easily formed when tasks are assignedto stations.An
infeasible solution of SALBP-I occurswhen a task that
is a successor of another task is assigned to an earlier
workstation that a predecessor task being assigned. If the

infeasible solution is formed, Nearchou [18] uses repair
strategy to tum an infeasible solution into a feasible
solution. The algorithm can find optimal solution in 61
out of 64 test problem instances. In this article, prece
dencc graph will be considered in parallel, while an
order of items is constructed so no infeasible solution
will be formed. Detail of the decoding scheme proposed
by Nearchou [18] and the proposed decoding scheme
will be explained in Section 3.1.

The DE algorithm developed in this article modifies
the decoding scheme from Nearchou [18] with several
recombination formulas. Two recombination formulas
from Qin et al. [27] are included along with one new
recombination formula. Therefore, in this article, three
recombinationformulas are combined with five different
mutation formulas taken from Qin et al. [27]. The most
effective combinationof differentmutation and recombi
nation formulas for DE to solve SALBP-I is identified
based on experiments.

This article is organized as following: Section 2 pre
sents mathematical formulation of the SALBP-I, Sec
tion 3 presents the proposed heuristic (DE), Section 4
presents the computational result of the test instances,
and Section5 is the conclusion of the whole article.

2. Formulation of the problem
This section presents the mathematical model for SAL
BP-l adapted from Bowman [4]. The indices, parame
ters, and decisionvariables as definedbelow.

Indices

n denotes index of task n while n = I ... N
k denotes index of work station k while k = I ... M
N denotes total number of task
M denotes total number of work station

Parameters

denotes processing time of task n
denotes cycle time of work station
denotes relationshipof task n to taskj

{
I if task n is predecessor of taskj
o otherwise

Decision variables

{
I if task n is assigned to station k

Xnk o otherwise
Yk { I station k is opened

o otherwise
Objective function

M

Minz= LYk
k=l

(1)
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Subject to

M

L.:Xnk = 1 't:/ n = 1. . .N,
k=l

M
I:(K x Ajk) - (K x Xnk) ?: 0
k=l

't:/ n = 1. ..N, j = 1. ..M, Fnj = 1

N
I:Xnk X Pn<CT X Yk
n=l

't:/ k = 1. ..M

Formula (1) represents an objective function of the
model to minimize number of stations. Formula (2) guar
antees that task n must be assigned to exactly one work
station. Formula (3) enforces the precedence constraints.
For example, if task n is predecessor of task j (Fnj = I)
task j cannot be assigned to a workstation before task n.
Formula (4) ensures that total processing time used by
all tasks assigned to a particular workstation must not
exceed a prespecified cycle time (CT). Finally, formula
(5) ensures that the station wiII be opened successively
according to station number.

3. Proposed heuristics
General procedure of DE consists of several steps which
are (1) construct a set of initial target vector, (2) perform
mutation process, (3) perform recombination process,
and (4) perform selection process to obtain a new gener
ation of solutions and then step (2)-(4) wiII be per
formed repeatedly until a termination condition is met.
Each step is explained as follow.

3.1. Constructa set of initialtargetvector
Initially, a population of NP target vectors must be gen
erated. Each vector composes of D components (posi
tions), while D equals to number of tasks that wiII be
assigned to a certain number of workstations. For exam
ple, in Figure I, the number of tasks shown is eight
tasks; thus, a particular target vector wiII have dimension
of 8 as shown in Figure 2.

Figure 2. Examples of randomly generated target vectors.

R. Pitakaso ,

(2)

Figure 2 shows a set of target vector which composes
of 4 vectors (NP), and each vector has two rows, the first
row denotes number of task while the second row con
tains values of randomly generated real numbers. Each
vector represents one SOlution of SALBP-l. A new
decoding scheme to transform vector to SALBP-I
solution is presented here named priority decoding
method. It is modified from the sub-range decoding
scheme proposed by in Nearchou [18] and it will be
explained in Section 3.1.1. The new decoding scheme
proposed wiII be explained in Section 3.1.2.

(3)

(4)

(5)
3.1.1. Sub-range decoding scheme
The sub-range decoding method introduced by Nearchou
[18] has the following steps:

(I) For SALBP-l with n tasks, a range is also
applied as n sub-range. Each sub-range has the
same range which is lin. Sub-range array (SR)
= [lin, 21n, 31n, ... , nln] as in Figure I showing
precedent graph that has n = 8, consequently, the
range is divided into eight sub-ranges as
SR = 0.125,0.25,0.375,0.5,0.625,0.75,0.875,1.00].

(2) A sample, vector with value [0.92,0.02,0.78,0.
38,0.69,0.30,0.59,0.13] can be decoded as fol
low. The value in position 1 is 0.92 which lie in
sub-range 8 (0.875 < 0.92 < 1.00), so the 8th
task wiII be aligned in the Ist order to be
assigned to workstation. Do the same in the 2nd
order until all works are aligned in the order.
This order will be named order p. For examples,
position value of position 2 is 0.02, which lie in
Ist sub-range (0.0 < 0.02 < 0.125). As a result,
order p wiII be [8,1,_,_,_,_,_,_j. When the pro
cess is in the 2nd order, order p wiII be [8, 1, 7,
4, 6, 3, 5, 2].

(3) Check to see if the task assignment is conflicting
with precedence constraints. If so, changing of
positions in the order to make them aligned in
the correct order is necessary. For examples, task
8 cannot be in a position that is prior to task I,
the changing of these position is required mak
ing p = [I, 8, 7, 4, 6, 3, 5, 2]. Continue to
switch the tasks until the sequence does not con
flict with precedence constraints. The result is
p = [1, 3, 2, 4, 5, 7, 6, 8].
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Figure 3. An outcome of task assignmentaccording to Nearchou [18].

(4) Work will be assigned in accordance with p
order. The first task to be assigned is task I to
workstation I. The conditions of workstation I
include cycle time= 12.When task I is assigned
to workstation I, the remaining cycle time will
be 7 units (12 - 5= 7) hence task 3 is next
assigned to workstation I. Since workstation I
will now have remaining time cycle as three
units (7 - 4 =3), task 2 cannot be further
assigned to workstation I so workstation 2 will
be opened for the next task assignment. The
assignment can be shown in Figure 3.

3.1.2. Priority decoding scheme
Task assignment in priority decoding scheme is to assign
tasks to workstations with consideration of precedence
graph. If there are more than I task that can be assigned
to a workstation, the selection is made using roulette
wheel selection method must be done first. Given the
same vector which is [0.92, 0.02, 0.78, 0.38, 0.69, 0.30,
0.59, 0.13], these are values of coordinate or task posi
tion of [I, 2, 3,4, 5, 6, 7, 8]. From Figure I, the only
task ready for assignment is task I and as a conse
quence, task I will be assigned to workstation I with the
remaining cycle time of 7 units (12 - 5 = 7). Based on
the precedence diagram, the assignable tasks are task 2
and task 3 with their coordinatevalues as 0.02 and 0.78,
respectively. Since there are more than I task to be
assigned, the process can be done as followed.

(I) Calculate the possibility of task that will be
assigned to workstations by utilizing coordinate
to calculate. Task 2 and task 3 have coordinate
values as 0.02 and 0.78, respectively. Conse
quently, the sum of coordinate values is 0.80

IStationlSllItioo1

(0.02+ 0.78= 0.8). Therefore, the possibility of
task 2 is 0.025 (0.02/0.80= 0.025), and the pos
sibilityof task 3 is 0.975 (0.78/0.8= 0.975).

(2) Calculate cumulative probability of such works.
For example, task 2 and task 3 have their possi
bility as 0.025 and 1.00, respectively.

(3) The last step, a random number is generated. If
the random number lies in cumulative probabil
ity range of which task, such task will be
assigned to current work station. For example, if
the randomly generated number is 0.015 and it
lies in cumulative probability of task 2. There
fore, task 2 will be assigned to workstation I
followingto task I.

(4) The process will be repeated from step (I}--step
(3) until all works are assigned.

An example of task assignment can be shown in
Figure4.

3.2. Perform mutation process of a target vector
(Xij,d

In mutation process, a mutant vector (V;J,o) will be cal
culated from one or more selected target vector (Xi,;,0).
Traditionally,the mutation process of DE is performed
using formula (6). In the proposed algorithm, five classic
mutation formulasdrawn from Qin et al. [27] are applied
as shown in formula (6}--(10).

ViJ,G = Xr1J,G +F(Xr2J,G - Xr3J,G) (6)

V;J,G = XbestJ,G +F(Xr1J,G - Xr2J,G) (7)

ViJ,G = J{;J,G+F(XbestJ,G - J{;J,G) +F(Xr1J,G - Xr2J,G)
(8)

IStation) I I staliQil4 I

Figure 4. Result of transformingprocessof target vector I.
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V;j,G = Xbestj,G+F(Xr1j,G - Xr2j,G) +F(Xr3j,G - Xr4j,G)
(9)

V;j,G=Xr1j,G +F(Xr2j,G - Xr3,j,G)+F(x,.4/,G - X;·SIr.)
(10)

Let rl, r2, r3, r4, and r5 - denote the vectors which
are randomly selected frem a set of target vectors}. _
represent the best vector found so far in the algorithm. F
is a predefined integer parameter (scaling factor). In the
proposed heuristics, F is set to 2 (Qin et al. [27]); i is
vector number which starts from 1 to NP, and} is posi
tion of a vector which run from I to D.

3.3. Perform recombination process on a mutant
vector V;j,G

The result of mutation process is a set of mutant vector
V;j,G (i run from 1 to NP). Then a mutant vector will
apply recombination formula (II}-{13) to yield trial vec
tor (Uij.G) as a product of recombination processes. In
traditional DE for SALBP-I, a binomial recombination
formula (formula (11)) is applied in the original version
of DE proposed in Nearchou [18]. In the proposed algo
rithm, two recombination formulas are added with for
mula (12) drawn from Qin et al. [27], and a newly
proposed recombination formula shown in formula (13).
Formula 11 is a binomial recombination formula which
is recombination formula that produces trail vectors from
a selected target and mutant vector. Values in each posi
tion of a trail vector wiII equal to value in position of
target or mutant vector depending on the sampling CR
value. The sampling occurs in every position, therefore,
every position of trial vectors have probabilities to copy
value in position from target or mutant vector as shown
in Figure 5(d). This example, CR is given to be 0.8 uti
lizing sampled numbers as shown in Figure 5(c). A
selected target vector and a selected mutant vector are
shown in Figure 5(a) and (b). Equation (12) will

(a) A selected target vector

2 3 .. S 6 1

O;lS 0.53 0.22 0.50 0.26 1.00 O.OS 0.02

(c) Value of randl,!

2 3 4 5 6 1

0.92 M1 0.08 Q.40 us 0,55 0.31

8

0.17

2 3 4 5 IS 7 8

O.S4 0.28 0.50 0.50 0.26 1.00 O.OS 0.02

(e) a trial veeror when I'lIl1db,=3

R. Pitakaso

8

randomly select integer randb, which varies from 1 to D.
The sampling will provide values for positions in trial
vector that is transition position. Values for position in
position 1 trial vector to transition position will copy
value in positions from a selected mutant vector. The
remaining positions will copy value in positions from a
selected target vector as shown in Figure 5(e). Whereas
Equation (13) will have 2 transition positions by sam
pling randb., and ral1db;.2 integers which vary from 1 to
D. Value in position of a trial vector will equal to a
selected mutant vector from position 1 to position
randli[, while randa[, + 1 position to randbi, - 1 posi
tion will have value in positions that are copied from a
selected target vector. The remaining position is from
randb;.2 position to D, their value in positions will equal
to the selected mutant vector as shown in 5f.

{
V;j,G if rand;j::; CR or} = lrand

U;j,G= X;j,G if rand;j > CR or} =1= lrand (11)

0... - { V;j,Gwhen randb, -::;,} (12)
'J,G - X'G if randb, >J''J, ,

0... = { V;j,Gwhen} < randbr, and}? randb.y (13)
'J,G X;j,G when randbc; <j-c randb.y

Let rand. to be random number between 0 and 1, and
CR is re~ombination probability which is the predefined
parameters in tile proposed heuristics. Irand is random
integer number; randb., randbr, and randb;,2 are random
integer numbers which are used to represent position of
a vector and these random numbers ranges from 1 to D.

The result of selection process is a set of target vec
tors in next generation which will be used as starting
point of a mutation process of next iteration. The selec
tion process is applied using formula (14)

X. - {U;j,G if f(U~j,G) -::;'!(X;j,G) (14)
IJ,G+l - X;j,G otherwise

2 3 4 S 6 7 8

054 U8 O.SO 0.39 0.93 019 0.07 0.29

(b) A selectedmutaut vector

2 3 .. S IS 7 8

0.18 O.lS O:SO 0.39 093 0.19 0.01 029

(d) a. trial vectdrproduced from ·a,b al\d c (CR=O.8)

2 3 4 S 15 7 8

0.54 0:28 0;50 0.50 0.26 1.00 0.07 Mil

Figure 5. Example of Recombinationprocesses3.4 Perform selection process on a trial vector Vij,G and a target vector X;j,G.
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Let f(Uij,G) and f(X;j,G) be objective functions of trial
vector (Uij,G) and target vector (X;j,G). The objective
functions of trial and target vector can be decoded using
the procedure addressed in Section 3.1.2.

4. Computational framework and result

4.1. Compare the proposed algorithm with existing
algorithm found in literature

This section is used to compare performance of the pro
posed heuristics against existing heuristics developed by
many researchers. The comparisons have been carried
out over different sets of test instances corresponding to
those used in the compared methods and the availability
of the test instances.

4.1.1. Compare with genetic algorithm (Sabuncuoglu
et al. [29])

Sabuncuoglu et al. [29] uses Tonge's 70 tasks problem
which is real life problem from electronic industry to test
their algorithm against other heuristics and this set of test
instances is used to test the proposed algorithm against
GA proposed by Sabuncuoglu et al. [29]. Tonge's 70
tasks problem has precedence graph which has 70 tasks.
The tasks have different processing time varies from 170
to 364. The given cycle time values also vary from 170
to 364. The computational result is shown in Table 1.
The algorithm is executed 5 times for each test instances.
The stopping criterion is set to 500 iterations. Let's
define following notations: opt: optimal solution found
in literarure, GA: number of workstation found by
Sabuncuoglu et al. [29], DE-Min: minimum number of
workstation generated by the proposed algorithm found
in 5 runs, DE-Max: maximum number of station gener
ated by the proposed algorithm found in 5 runs and A-C
DE: average computational time of 5 simulation runs
(seconds). All optimal results found in the table are
taken from Kilincci [14].

From Table 1, it can be seen that DE is better than
the solution quality of GA proposed in Sabuncuoglu
et al. [29]. DE can find two more optimal solutions than
that of Sabuncuoglu et al. [29]. In other words, the
genetic algorithm proposed by Sabuncuoglu et al. [29]
can find 75% optimal solutions, while the proposed heu
ristics can find 100% optimal solutions. The average
computational time of DE in this group of test instance
is 7.28 s.

Table I. Comparison with GA (Sabuncuoglu et al. [29]).

4.1.2. Compare with Tabu search algorithms
In this section, the proposed algorithm is compared with
the algorithms found in Chiang [6] and Lapierre et al.
[16] which are Tabu search-based heurisitcs. Data-set
named Arcus 1 and Arcus 2 are used for the comparison.
Arcus 1 is composed of 83 tasks and 7 different values
of cycle time, while Arcus 2 is composed of III tasks
and 6 different values of cycle time. Computational
results are shown in Table 2. The algorithm is executed
five times for each test instances. The termination condi
tion is set to 100 iterations.

In Table 2, there are six columns, the first column
shows values of cycle time of the test instances (Arcus I
(83 tasks) and Arcus 2 (III tasks» which have value of
cycle time varied from 5048 to 17,067. The second col
umn is optimal solutions taken from the literature. The
third (Chiang's), fourth (Lapierre's), and fifth (DE) col
umn is number of stations that are found by Chiang [6],
Lapierre et al. [16] and DE, respectively. The table only
showed the minimum number of station generated by the
proposed algorithm found in five runs because the maxi
mum and minimum numbers of station found by the pro
posed heuristics are equal. The last column is the
average computational time of DE. From Table 2, it can
be seen that DE finds 100% optimal solutions which has
equal solution quality as Lapierre et al. [16] but the solu
tion quality is better than that of Chiang [6] which can
find only 84.61% optimal solution (I I instances out of
13 instances). The average computational time of the
proposed algorithm used to find optimal solution for
Arcus I and Arcus 2 problems is 0.035 and O.II 2,
respectively.

4.1.3. Comparison with other DE algorithm proposed
by Nearchou [18]

Nearchou [I8] test his algorithm on Talbot's test
instances. This set of instances is composed of 64 test
instances (the number of tasks varies from 7 to I I I tasks
and the cycle time values vary from 6 to 17,067). The
computational result shows in Table 3. The algorithm is
executed five times for each test instances. The execution
is terminated when the optimal solution is found and the
computation result is collected and reported.

From Table 3, the proposed heuristic outperforms the
algorithm proposed in Nearchou [18]. The proposed heu
ristic find 100% optimal solutions, while Nearchou [18]
find only 95.31% of optimal solutions. In the cases that

Cycle time Opt GA DE- Min DE - Max A-C-DE Cycle time Opt GA
170 22 23 22 22 7.418 170 22 23
173 22 23 22 22 7.199 173 22 23
176 22 22 22 22 7.119 176 22 22
179 22 22 22 22 7.208 179 22 22
182 22 22 22 22 7.895 182 22 22
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Table 2. Comparisonwith Tabu search(Chiang [6] and Lapierreet a!. [16]).

Cycle time Optimal solution Chiang's Laperiere's DE Computationaltime of DE
Arcus 1
5048 16 17 11) 16 0.035
5853 14 14 14 14 0.035
6842 12 12 12 12 0.037
7571 11 11 II 11 0.D35
8412 10 10 10 10 0.034
8898 9 9 9 9 0.D35
10,816 8 8 8 8 0.036
Arcus 2
5755 27 27 27 27 0.12
8847 18 19 18 18 0.11
10,027 16 16 16 16 0.11
10,743 15 15 15 15 0.11
11,378 14 14 14 14 0.11
17,067 9 9 9 9 0.11

Table 3. Comparewith Nearchou [18].

DEPerformancemeasure Nearchou [18]

#of optimum solutions found
#of optimal solutions found (%)
Average deviation from the optimal solution(%)
Average computationaltime (seconds)

61
95.31
4.67%
2.00

64
100
0%
0.52

the optimal solution cannot be found, Andreas has
4.67% deviated from the optimal solutions. Nearchou
[18] used average computational time 2.00 s, while the
proposed algorithm used 0.52 s computational in average
(the computational time is already convert using com
puter comparing factor found in Dongarra [7]).

4.1.4. Compare with Kilincci [14]
In this section, the proposed algorithm is compared with
Kilincci [14] which is the most recent single pass proce
dure found so far in literature. The proposed algorithm is
tested on two set of instances. The first set of test
instances is similar to the test instances that are used in
Section 4.1.2. Another set of test instances is Scholl's
problem with 297 tasks and 422 precedence constraints
(the cycle time starts from 1394 to 2787), which is
known as the largest test instances found in literature. In
total, the algorithm is tested on 46 test instances. The
computational results are shown in Table 4. Let us
denote following notations: Data-set: Name of test
instances, Cycle time: given cycle time, Kilincci's: num
ber of station found by Kilincci [14], DE: number of sta
tion found by the proposed heuristic, and C-DE:
computational time of the proposed heuristic. The algo
rithm is executed five times for each test instances. The
termination condition is set to 100 iterations.

From Table 4, it shows that the proposed algorithm
performs almost the same as Kilincci [14]. There is one
instance that better solutions than that of Kilincci [14]

are obtained which is test instance of Acus 2 cycle time
of 5755 and there is also one instances that the proposed
algorithm cannot find the optimal solution when Kilincci
[14] can find the optimal solution (Scholl's problem that
has cycle time 1483). In this group of test instances, it
can be concluded that the proposed algorithm has the
same solution quality in finding the optimal solution as
Kilincci [14].

4.2. Comparedifferent mutation and recombination
formulas

In this section, the efficiency of the different mutation
and recombination formulas will be tested and the best
combination will be reported. A total of 15 combinations
are reported in Table 5 based on recombine five mutation
formulas with three recombination formulas.

The tests reveal the best combination among all 15
combinations. The combinations are generated from five
mutation and three recombination formulas. The algo
rithm is tested on Talbot's and Scholl's problems with
232 test instances. The 232 test instances are divided
into three groups which are small (number of tasks less
than 45), medium (number of tasks is between 45 and
100), and large (number of task is over 100). According
to the classification above, there are 72 small test
instances, 93 medium instances, and 67 large instances.
All instances are tested, and the number of work stations
found by each combination is recorded and the average
number of optimal solutions found by the combinations
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Table 4. Comparewith Kilincci [14]. Table 5. Combination of mutation formula and recombination
formulas.

Data-set Cycle time Kilincci's DE C-DE
#of Mutation Recombination Name of theArcus I 5048 16 16 0.035 combination formula formula combination5853 14 14 0.035

6842 12 12 0.037 1 (6) (11) DE-1
7571 11 11 0.035 2 (6) (12) DE-2
8412 10 10 0.034 3 (6) (13) DE-3
8898 9 9 0.035 4 (7) (11) DE-4

10,816 8 8 0.036 5 (7) (12) DE-5
Arcus 2 5755 28 27 0.12 6 (7) (13) DE-6

8847 18 18 0.11 7 (8) (11) DE-7
10,027 16 16 0.11 8 (8) (12) DE-8
10,743 15 15 0.11 9 (8) (13) DE-9
11,378 14 14 0.11 10 (9) (11) DE-IO
17,067 9 9 0.11 11 (9) (12) DE-11

Scholl's 1394 51 51 9.478 12 (9) (13) DE-12
1422 50 50 10.011 13 (10) (11) DE-13
1452 49 49 8.986 14 (10) (12) DE-14
1483 48 49 9.355 15 (10) (13) DE-IS
1515 47 47 8.861
1659 43 43 8.836
1548 46 46 8.843

is calculated. The average computation time of each1584 45 45 8.819
1620 44 44 8.839 combination is also recorded in order to conclude the
1699 42 42 8.799 fastest convert combination among all 15 combinations.
1742 41 41 8.822 The computational results are shown in Table 6. The1787 40 40 8.016 algorithm is executed five times for each test instances.1834 39 39 9.038
1883 37 37 8.311 The termination condition is set to 100 iterations.
1935 36 36 9.385 In Table 6, the first column shows the name of the
1991 35 35 8.383 combinations (DE-l to DE-IS). It reports three perfor-
2049 34 34 8.451 mance measurements which are percentage of optimal
2111 33 33 8.758 solution found by a combination ('J/oopt),percentage of2177 32 32 8.745
2247 31 31 8.751 deviation of the solution found by a combination, while
2322 30 30 8.058 it cannot find the optimal solution (%dev) and the aver-
2402 29 29 7.410 age computational time (copT). All performance mea-

·2488 28 28 9.321 surements are reported in the form of the group of
2580 27 27 8.573 instances (small, medium, and large size of instances).2680 26 26 8.042
2787 25 25 8.791 The computational result shows that all DE's algo-

rithms can find 100% optimal solution with 0.26 s

~
Table 6. Compare all combinationof mutationand recombinationformulas.

Small size of instances Mediumsize of instances Large size of instances
% opt %dev copT. % opt % dey copT. % opt % dey copT.

DE-1 100 0 0.184 91.398 0.047 4.132 89.552 0.073 10.427
DE-2 100 0 0.109 91.398 0.045 3.964 89.552 0.125 10.217
DE-3 100 0 0.118 91.398 0.043 5.967 92.537 0.125 10.562
DE-4 100 0 0.257 91.398 0.047 4.04 89.552 0.073 20.755
DE-5 100 0 0.223 91.398 0.047 6.469 89.552 0.073 16.013
DE-6 100 0 0.192 91.398 0.047 3.686 89.552 0.073 10.23
DE-7 100 0 0.215 91.398 0.047 6.701 89.552 0.073 11.345
DE-8 100 0 0.302 91.398 0.047 8.699 89.552 0.073 12.561
DE-9 100 0 0.329 91.398 0.047 9.29 89.552 0.073 17.6
DE-IO 100 0 0.313 91.398 0.043 6.247 89.552 0.073 14.551
DE-II 100 0 0.294 94.624 0.044 6.554 89.552 0.073 9.979
DE-12 100 0 0.289 95.699 0.04 7.55 95.522 0.022 14.561
DE-13 100 0 0.354 91.398 0.047 6.67 89.552 0.073 13.767
DE-14 100 0 0.411 91.398 0.047 9.107 89.552 0.073 17.767
DE-IS 100 0 0.396 91.398 0.047 5.982 89.552 0.073 13.874
Average 100.00 0.00 0.26 91.899 0.05 6.47 90.15 0.08 13.61
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Figure 7. Average 'YoOpt foundby the recombinationformulas.

average computational time to solve small-sized
instances. DE-2 use lowest computational time among
all 15 combinations (0.109 s.). In medium and large
sized test instances, DE-12 seems to be the best combi
nation in finding the optimal solution, because it finds
the most number of optimal solutions (95.699%). When
it cannot find the optimal solution,DE-12 has the lowest
deviation from the optimal solution (0.04%).

In addition, the average values of result quality by
utilizing mutation and recombinationfor every equation
are shown in Figures 6 and 7.

By comparing the average values in Figure 6, Equa
tion (9) is the best equationwhich was utilized in combi
nation DE-I0 to DE-12. On the other hand, this equation
has the same efficiencyas Equations(6)-(10) for solving
small-scaled problems, but Equation (9) is the best for
solving medium and large-scaledproblems.

From Figure 7, the most efficient equation is
Equation (13) which is newly proposed in this article.
Equation (13) has the same efficiencyas Equations (11)

...... small

..... medium

_"'_Iarge

formula(13)

and (12) for solving small-scaledproblems.However, for
solvingmedium and large-scaledproblems, Equation (9)
has the same efficiencyas other equations.

5. Conclusions
In this article, a DE algorithm to solve SALBP-l is pro
posed. The proposed algorithm is compared to many dif
ferent algorithms found in the literature. Efficiency of
differentcombinationof mutation and recombination for
mulas is also studied in order to reveal the best combina
tion for solving SALBP-l.

By comparing to the metaheuristics found in litera
ture, firstly,a comparison is made with genetic algorithm
proposed by Sabuncuoglu et at. [29], the proposed heu
ristics yield better solution quality than those from
genetic algorithm. GA finds optimal solution in only
75% of the test instances, while the proposed heuristic
reached optimal solution in 100% of the test instances.
Secondly, comparison is made with tabu search-based
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heuristics using Arcus I and Arcus 2 problems. The
results showed that the proposed heuristic is better than
Chiang [6], but has the same solution quality as Lapierre
et al. [16]. Chiang [6] can find II optimal solution out
of 13 test instances, while the proposed heuristic and
Lapierre et al.[16] can find optimal solution in all test
instances (100%). The third comparison is executed over
64 test instances found in Narchou [18]. The computa
tional result shows that the proposed algorithm outper
forms Nearchou [18] which can find optimal solutions in
6 lout of 64 test instances, while the proposed algorithm
reached optimal solutions in all of the test instances.

Finally, the comparison has been made with Kilincci
[14]. The comparison is made using Arcus I, Arcus 2,
and Scholl's problems. The computational results reveal
that Kilincci [14] and the proposed heuristics yielded the
same solution quality with both heuristics can find
97.82% optimal solutions (45 out of 46 instances).

Besides the comparison between the proposed heuris
tic and other heuristics found in the literature, a test for
different mutation and recombination formulas is made.
From the computational results, the best results are
obtained using mutation formula 9 which calculates
mutant vector from four sampled target vectors along
with the best vector from previous iteration. However,
for small-scaled problems, all mutation formula (Equa
tions (6)-{1O)) has the same efficiency for solving the
problems. When only consider for recombination for
mula, the recombination formula (13) which is proposed
in this article is the best recombination formula. How
ever recombination formula (13) has the same efficiency
as other recombination formulas when they are used to
solve small-scaled problems.

When considering both mutation and recombination
formulas (combination), the DE-12 which is the combi
nation between mutation formula (9) and recombination
formula (13) can yield the best result when comparing
with other combinations for solving medium and large
scaled problems. All combinations yield the same effi
ciency for solving small-scaled problems.

Based on the success of DE proposed in this article,
the same encoding, decoding scheme, and two points
exponential recombination formula should be applied to
other different assembly line balancing problem in order
to prove that the contribution of this article can work
well with other problems. Moreover, improve effective
ness of DE mechanism such as mutation and recombina
tion method should be considered in order to enhance
search capability of DE.
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