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ABSTRACT

End-of-life (EOL) product recovery has become a critical issue driven by economic,
social, and environmental concerns, along with stricter environmental regulations that em-
phasize disassembly and product recovery. Disassembly lines are used to dismantle EOL
products into reusable components, but their efficiency depends heavily on accurately esti-
mating task times, which are often uncertain. Since average task times cannot fully represent
this uncertainty, task time can instead be modeled as a fuzzy number, allowing fuzzy logic to
quantify representative values. This study introduces a disassembly line balancing problem
where processing times are expressed as fuzzy numbers and solved using particle swarm
optimization (PSO). The optimization aims to minimize the number of workstations, total
idle time, maximum disassembly cost, and direction changes. The proposed method was
benchmarked against LINGO and GUROBI solvers. Computational experiments, using the
number of non-inferior solutions as a stopping criterion, demonstrated that the PSO-based
approach achieved superior results. The findings indicate that the proposed method effec-
tively outperforms existing algorithms, providing efficient and promising solutions for EOL
product recovery and disassembly optimization.
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1. Introduction

The short product life cycle, emerg-
ing technological innovations, and dramat-
ically increasing consumption contribute to
colossal waste and environmental impacts.
Additionally, legislation, social pressure,
and economic attractiveness drive the re-
quirement for recycling, remanufacturing,
and recovery facilities. As a result, disas-
sembly, which aims to extract reusable parts
or subassemblies from end-of-life products
or discarded products, is needed [1].

Disassembly is the methodical ex-
traction of valuable parts and subassem-
blies from discarded products through oper-
ations [2]. The recycling process is a critical
phase that impacts both environmental sus-
tainability and the economic advantages for
enterprises. Disassembly procedures con-
ducted at a single workstation are inefficient
and cannot be scaled to meet high demand
[3]. Thus, the disassembly line is imple-
mented as an effective method to attain scal-
ability and automation in disassembly man-
ufacturing [4, 5].

The disassembly line is the inverse
process of the assembly line. Nonetheless,
the disassembly line is somewhat more in-
tricate than that. A significant degree of
imbalance exists in the disassembly line.
Consequently, the disassembly line balanc-
ing problem (DLBP) attracts much atten-
tion from manufacturing and operations re-
searchers. There are numerous consider-
ations related to disassembly lines [6-8]:
product considerations, line considerations,
part considerations, operational considera-
tions, demand considerations, and assign-
ment considerations. Hence, several works
of literature exist in the last decade [9].

The disassembly process has a
unique characteristic that is significantly
different from the assembly process. The
disassembly task time is not a deterministic
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number. Moreover, it cannot be repre-
sented by a statistical value such as average
or median task time. As a result, the
conventional disassembly line balancing
design, which deals with deterministic
data, cannot cope with real-world data
that are imprecise, vague, and uncertain
[10-12]. Fuzzy numbers may represent this
uncertainty to reduce errors of imprecision.

To our knowledge, no particle
swarm optimization has been used to solve
such a complex problem. Multi-objective
solutions with fuzzy disassembly task
times disassembly line balancing problem
(MFDLBP) are still challenging.  The
conceptual framework of this study is
shown in a later section.

This study will make two main con-
tributions: First, it proposes an improved
metaheuristic algorithm for the fuzzy en-
vironment. Second, it presents the multi-
objective optimization method for the dis-
assembly line balancing problem and pro-
vides an application to solve the problem for
sample products.

2. Materials and Methods
2.1 Problem statement and mathemati-
cal model

Merely considering the disassembly
line balancing problem as the inverse of the
assembly line balance problem needs to be
revised. The disassembly line balance prob-
lem presents considerable challenges stem-
ming from the substantial uncertainty as-
sociated with the quality and configuration
of items on the line. The disassembly line
exhibits certain parallels with the assembly
line regarding its model formulation. How-
ever, prior studies on the assembly line bal-
ancing problem concentrate on two primary
objectives: reducing the number of work-
stations and optimizing the workload dis-
tribution among workstations. This study
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examines the disassembly line balancing
problem, which, in contrast to the assembly
line balancing problem, incorporates two
additional objectives: optimizing disassem-
bly cost and the frequency of changes in dis-
assembly direction.

The mathematical model of the issue
is formulated based on the subsequent as-
sumptions: the disassembly durations for
each task are predetermined and regarded
as constant; only one product is being dis-
assembled, and it is being fully disassem-
bled regardless of the recycling value of its
parts; the cost of disassembling each task
per unit time and the direction in which each
part should be disassembled are known in
advance. The disassembly line under ex-
amination employs a complete disassembly
approach, with the quantity N of disassem-
bly tasks, or components to be disassem-
bled, being predetermined and known in ad-
vance.

2.2 Mathematical model
2.2.1 Notation

N Number of disassembly tasks

K Maximum possible number of worksta-
tions

k Workstation count (1, 2, .., K)

Sk Binary value, and when the workstation
k is open, Sy = 1, otherwise, Sy =0

n Disassembly task index

xr; Binary value, 1 if disassembly task i is
assigned to workstation k, else 0

in Fuzzy disassembly time required for
task n

Tc Fuzzy cycle time (maximum time
available for each workstation)
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yi; Iftask i is executed before task j, y;; =
1; otherwise, y;; = 0. The priority
matrix Y can be constructed, and Y =
[yi j]N><N

U, Unit time disassembly cost of task n

rn Disassembly direction of the n-th dis-
assembly task in a given disassembly
sequence

2.2.2 Objective functions

The optimization objective functions
for the fuzzy disassembly line balancing
problem are established based on the math-
ematical model of the problem found in the
literature [13, 14]. The mathematical for-
mulation of the MFDLBP is as follows:

Objective 1: minimize the number of
workstations required:

K
min f; = Zsk. 2.1
k=1

By determining the cycle time, the
number of workstations in the disassem-
bly production line can be significantly re-
duced, decreasing labor, equipment, and
other requirements. Additionally, the dis-
assembly cost will be reduced simultane-
ously.

Objective 2: minimize the total idle
time of all the workstations while balancing
the workloads among workstations:

K N
min fp = Z(Sk xTc - Z(fn X xkn))?.
k=1 n=1
(2.2)
This balance metric ensures the equi-
table workload distribution among various

workstations on the disassembly line. Op-
timizing the balance between workstations
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and minimizing idle time is essential to en-
hancing work efficiency and fairness in dis-
assembling production. It will effectively
increase workstation usage.

Objective 3: minimize the sum of the
maximum disassembly costs of all worksta-
tions:

K
min f3 = ZSk X Te X (max[Up|n €
k=1
(nlxgn = 1)].
(2.3)

The disassembly profit is calculated
as the discrepancy between the total rev-
enue obtained from the partial disassembly
of the task and the expenses incurred from
opening the workstations and performing
the disassembly activities. The overall cost
of disassembling the assembly line is cal-
culated by adding the cost of each worksta-
tion. In this study, each workstation’s unit
time disassembly cost is the highest for in-
ternal disassembly chores within the work-
station. To optimize the production benefit,
minimizing the cost of disassembly is nec-
essary.

Objective 4: minimize the disassem-
bly direction change frequencies:

X 1
min f; = ;Rn, R, = { 0.

ifr, #r,-1
else

2.4)

The direction measure was also cre-
ated to quantify the performance of each so-
lution sequence. Excessive changes in di-
rection throughout the disassembly process
will lead to more extended periods of in-
valid operation and, therefore, decrease dis-
assembly efficiency. Therefore, minimiz-
ing the frequencies at which the disassem-
bly direction changes is necessary.
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2.2.3 Constraints

The total disassembly time required
for any one workstation should not exceed
the cycle time:

N
(In X Xkn) < Sk X Te, Vk € {1,...,K}.

n=1

2.5)

Each disassembly task must be allo-
cated to a single workstation exclusively:

K

D Xkn, Ve {l,..,N}.

k=1

2.6)

Every assignment must fulfill the
precedence relationships required for the
disassembly tasks:

K K
vaxvis W XXy, Vyij=1.
k=1 w=1

2.7)

2.3 Proposed approaching method

The solving method is based on
particle swarm optimization (PSO), which
has been modified to work with discrete
search space. There are several discretiza-
tion techniques; however, we will try us-
ing a new technique we published in the
previous work: Sig-bo game discretiza-
tion [15]. The proposed discrete par-
ticle swarm optimization with the Sig-
bo game discretization technique is ex-
pressed in Table 1. Please note that we
called the algorithm multi-objective opti-
mization problem-particle swarm optimiza-
tion (MOP-PSO).

2.4 Case experiments

This study is a series of our research.
It starts with the disassembly line balanc-
ing problem with soft variety, for medium
to large products, and with uncertainty. We
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Table 1. MOP-PSO for DLBP.

Step Description

1 Initialization
(a)Setk = 0.
(b) Randomly initialize the position of the
particles in binary numbers.
(c) Randomly initialize the velocity of the
particles in binary numbers.
Fori=1,,mdo pbestik =X;.
Set gbestk = argminje1, mf(X;).
Terminate Check. If the termination criteria
2 hold stop. Then, the outcome of the
algorithm will be .
3 Fori=1,2,,mdo
Calculating acceleration values.
(a) Calculate a{‘*l ()c;c ().
(b) Calculate a¥*! (pbest® (j)).
(c) Calculate a; +1 (gbest}" ).
Updating particle swarm.
(a) Update the velocity Vik using
vErL(j) = af* T (xF () + af T (pbestF ()

+la£‘+1(gbestk(j))
(b) Update the position X lk

1, if11 < vk (j) <18
) =1 0, vEHL(j) < 10

No Change  if 10 < vF*1(j) < 11

Updating pbest; and gbest.
©) If f(X;) < f(pbest;) then pbest = X;.
(d) If f(pbest;) < f(gbest) then gbest = pbest,.
End For.
4 Setk =k + 1.
5 Go to step 2.

have studied some physical products, such
as the top-loaded washing machine and out-
door unit air conditioner (see Figs. 1-2). We
will use these products as examples.

Fig. 1. Top-loaded washing machine.

Nonetheless, we need to model its
structure differently from the previous
study. We will use an AND/OR graph to
represent the product structure. Further-
more, the fuzzy numbers are the disassem-
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Fig. 2. Outdoor unit air conditioner.

bly time in form of (LLm,u). The details of
the sample products data are shown in Ta-
bles 2-3.

2.5 Performance measurement

2.5.1 Pareto optimal solutions

In prior literature, the multi-objective
disassembly line problems are often ad-
dressed using linear weighting and sequen-
tial processing methods. The main aim of
these two strategies is to convert a multi-
objective problem into a single-objective
problem, which is unable to harmonize sev-
eral objective functions with conflicting re-
lationships. The Pareto solution set consid-
ers the balance between several optimiza-
tion objectives and provides answers that
better reflect the actual problem scenario. It
can be used as an approach to handle multi-
objective problems.

The multi-objective disassembly line
balancing problem can be solved by disas-
sembly sequences that follow the disassem-
bly precedence relation. The term “feasible
solution set” describes the set of all possi-
ble solutions. The dominance relationship
between two feasible solutions, X; and X,
is defined based on two requirements in Eq.
(2.8) - (2.9).

fd(Xl) < fd(XQ)’Vd € {1’2”D}’ (28)
fi(X1) < fi(Xe),3i € {1,2,,D}, (2.9)
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Table 2. Top-loaded washing machine disassembly tasks.

Task Part Time (sec.) Unit cost (USD) Direction Precedence part
1 Bolts (2) (3,57 0.0040 L -
2 Bolt(l) 4,7,8) 0.0020 R -
3 Cover (2,3,5) 0.0575 L -
4  Panel 2,3,4) 1.0632 E 1,2
5 Wash timer wiring (20, 25, 28) 0.0655 L 4
6 Spin timer wiring (32,39 45) 0.0537 R 4
7 Washing timer knob 2,3,5) 0.0060 L 5
8 Spin timer knob 2,3,06) 0.0060 R 6
9  Timer switch bolts (2) (30, 36, 38) 0.0040 R 4
10  Bind Tapping (5) (82,90, 101) 0.0200 L 4
11 Bind Tapping (5) (165, 177, 182) 0.0200 R 4
12 Washing timer switch 3,5,8) 0.0060 L 10, 11
13 Spin timer switch 2,3,5 0.0060 R 9
14 Washing selector knob 3,5,8) 0.0060 L 13
15  Cycle selector knob (2,4,0) 0.0060 R 12,14
16  Buzzer (3,5,6) 0.0155 R 10, 11
17  Pannel A (1,4, 6) 0.0632 E 12,13
18  Switch cover 2,4,7) 0.1050 L 17
19  Spinner lid 2,3,5) 0.9955 R 17
20 Body b plate bolts (2) (8,10, 13) 0.0040 R 19
21 Nozzle holder bolts (2) 2,3,5) 0.0040 L 18
22 Body bolts (3) 3,5,7) 0.3300 L 3,19
23 Nozzle holder (3,5,6) 0.0560 L 21
24 Body plate a (3,5,9 1.1500 R 20
25  Body plate b (20, 24, 26) 1.1500 R 22
26 Over flow filter a (2,3,6) 0.0050 L 25
27  Special bolt (13, 18, 20) 0.0020 L 3
28  Pulsator unit 2,3,06) 0.1305 L 27
29  Back panel bolt (1) (1, 3,6) 0.0020 R -
30  Back panel (6,11, 12) 1.0632 R 29
31  Back panel bolts (2) (5,9, 11) 0.0040 L -
32 Back panel 2,3,7) 1.0632 L 31
33 Basea bolt (3) 1,3,5) 0.0060 R -
34  Bolt (295, 301, 318) 0.0020 R 30
35 Tuba (25,31, 39) 0.7350 E 30, 33
36  Drain tube (5, 8,10) 0.0350 L 30
37  Motor bolts (3) 1,4,7) 0.0060 L 32,35
38  Electric wire (52, 62, 64) 1.4550 L 30
39  Motor (1,4,6) 2.5600 L 35,37

where D denotes the total number of objec-
tive functions, and f; stands for the value
of the associated objective solution.
Solution X; is considered non-
dominated or non-inferior about Xo,

meaning that X; dominates Xo (X1X2)
and will be preserved while the nomi-
nated solutions are eliminated. A feasible
solution X* is deemed Pareto optimal or
non-inferior if there exists no solution
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Table 3. Outdoor unit air conditioner disassembly tasks.

Task Part Time (sec.) Unit cost (USD) Direction Precedence part
1 Upper lid (15, 19 20) 1.1300 E -
2 Side cover 1,3,5) 1.1300 L 1
3 Front cover (20, 26, 28) 1.5956 L 1
4 Back cover (6,8,9) 1.5956 E 1
5 Front grill (16, 18, 20) 0.0155 L 3
6 Side grill (5,8,9) 0.0155 L 3
7 Side frame (1) (2,3,4) 0.0170 L 2,3
8 Side frame (1) (12, 14, 18) 0.0170 L 2,3
9 Side frame (1) (2,3,4) 0.0170 R 7,8
10  Side frame (2) (25,27, 28) 0.7927 R 7,8
11 Side frame (2) (2,3,4) 0.7927 R 7,8
12 Motor and fan case (4,6,9) 0.9550 L 10, 11
13 Wiring harness of motor (2,3,4) 0.0559 E 12
14  Fan (2,5,6) 2.4054 L 13
15  Fanbase (1) (10, 13, 14) 0.9397 E 14
16  Fanbase (1) (26, 29, 30) 0.9397 E 14, 15
17  Heating coil (8,10, 11) 2.3270 R -
18  Wiring harness of fan (12, 14, 15) 0.0559 E 14,17
19 Electric circuit of heating coil 1,2,3) 0.9955 R 18
20  Circuit box (25, 28, 30) 0.0655 E 18
21  Heating coil and compressor frame (2) (14, 16, 17) 0.2308 R 17,20
22 Heating coil and compressor frame (2) (2,5,6) 0.2308 L 17,20
23 Compressor frame (35, 38,41) 0.1150 E 10, 11, 12, 13
24 Compressor (7,8,9) 2.6216 R 23
25  Compressor base 4,5,7) 0.3321 E 24
26  Heating coil base (20, 22, 26) 0.3321 R 22,24

sequence X such that X is strictly preferred
to X*. The assemblage of all Pareto opti-
mal solutions is termed the Pareto optimal
solution set, whereas the aggregation of
objective function values associated with
the disassembly sequence is designated as
the Pareto optimal frontier.

Fig. 3 depicts the potential solutions
of a two-objective optimization problem.
According to the data presented in Fig. 3,
solution B outperforms solution E regard-
ing both objectives. Therefore, solution E
is considered inferior to solution B. Solu-
tion B outperforms solution C in objective
f1 but is subordinate to solution C in ob-
jective f5, leading to no substantial distinc-
tion between solution B and C. The solu-
tions A, B, C, and D provide Pareto optimal
solutions for the two-objective optimiza-
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tion problem. In the context of decision-
making, non-dominated solutions are con-
sidered as the threshold values for the ob-
jective functions. These solutions always
lie on the boundary of the decision space,
known as the Pareto optimum front in multi-
objective optimization. The hollow points
E, F, and G represent potential solutions
within the decision space; however, they
are situated on the best frontier and will be
either directly or indirectly surpassed by the
Pareto optimal solutions found in the ideal
frontier.

The current Pareto optimum solu-
tions are stored in an external file called
Q. During each iteration of the algorithm,
every new solution p; from the population
P will undergo comparison with each non-
inferior solution g; stored in Q. If p; is
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® Non-dominated solution

O Dominated solution

f2

v

Fig. 3. Pareto optimal solutions.

less than g, the new solution p; will be
recorded in Q, and the solution g; will be
deleted. If g; is less than p;, the O will
remain unaltered. If p; and ¢; are mutu-
ally exclusive, they are placed in Q. Sub-
sequently, the Q will systematically change
to achieve the most favorable non-inferior
solutions.

2.5.2 Coefficient of variation

The coefficient of variation (CV) is a
statistical metric that quantifies the degree
of dispersion of data points within a series
relative to the mean. The coefficient of vari-
ation is determined by dividing the standard
deviation by the mean and is typically repre-
sented as a percentage. A larger coefficient
of variation (CV) indicates a greater degree
of dispersion around the mean.

, (2.10)

where C’V is the coefficient of variation, s is
the sample standard deviation, and x is the
sample mean.

2.6 Parameter setting

A drawback of the metaheuristic ap-
proach is that many parameters need to be
predetermined. In this study, we will culti-
vate the previous study by using their initial
parameter settings in our numerical experi-
ment.
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Table 4 shows the details of the pro-
posed method’s parameter settings. These
settings do not guarantee the best solution;
however, they are good enough based on
previous studies [15, 16].

Table 4. Parameter setting.

Parameter Description Value
Wnax Maximal inertia weight 0.7
Wmin Minimal inertia weight 0.3

Aw Inertia weight step-size 0.1
b1, P Acceleration constant 2.0
N Population size 100
p Number of sub-swarms 4
o Bounce-factor 0.5
T Iteration number 1500

2.7 Benchmark approaches

We used the LINGO package to solve
the mixed-integer linear programming. The
mathematical model was coded in LINGO.
Furthermore, we also used GUROBI on
the NEOS Server to solve this problem
by coding the mathematical model into
AMPL. The sites of these two solving
tools are https://www.lindo.com/index.php
and https://neos-server.org/neos/.

Technically, LINGO (Lindo Global
Optimization) is a powerful optimization
software tool commonly used for solv-
ing linear, nonlinear, integer, and mixed-
integer optimization problems. It pro-
vides a user-friendly interface for modeling
and solving optimization problems in var-
ious logistics, manufacturing, finance, and
telecommunications industries. LINGO of-
fers a comprehensive set of features, includ-
ing:

1. Modeling language: LINGO pro-
vides a high-level modeling language that
allows users to express optimization prob-
lems naturally and intuitively using mathe-
matical notation.

2. Solver engine: LINGO uses ad-
vanced optimization algorithms to solve
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optimization problems efficiently. It in-
cludes algorithms for linear programming
(LP), quadratic programming (QP), mixed-
integer programming (MIP), nonlinear pro-
gramming (NLP), and global optimization.

3. Interactive environment: LINGO
offers an interactive environment where
users can easily build, solve, and analyze
optimization models. It provides tools for
visualizing results, debugging models, and
analyzing sensitivity.

4. Integration: LINGO can be inte-
grated with other software tools and pro-
gramming languages such as Excel, MAT-
LAB, and Python, allowing users to lever-
age its optimization capabilities within their
existing workflows.

Overall, LINGO is a versatile opti-
mization tool that enables users to tackle
complex optimization problems and find
optimal solutions efficiently.

Besides, GUROBI is not an algo-
rithm per se but a powerful optimiza-
tion solver software package. It is de-
signed to solve various types of mathemat-
ical optimization problems, including lin-
ear programming (LP), quadratic program-
ming (QP), mixed-integer linear program-
ming (MILP), mixed-integer quadratic pro-
gramming (MIQP), and more.

The software implements state-of-
the-art optimization algorithms, includ-
ing primal and dual simplex methods,
interior-point methods, and branch-and-
bound techniques for mixed-integer prob-
lems. GUROBI is known for its efficiency,
robustness, and ability to handle large-scale
optimization problems efficiently.

It’s widely used in academia and in-
dustry for applications such as operations
research, supply chain management, fi-
nance, engineering, etc. GUROBI provides
APIs for various programming languages
such as Python, C, C++, Java, and MAT-
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LAB, making it accessible and easy to inte-
grate into existing software systems.

3. Result and Discussions
3.1 Computational results

The top-loaded washing machine has
39 disassembly tasks while the outdoor unit
air conditioner has 26. The fuzzy cycle
time TC for the top-loaded washing machine
is equal to (300,400,500) while the 7, for
the outdoor unit air conditioner is equal to
(150,200,300).

Table 5 shows the results of thirty in-
dependent executions on a personal com-
puter with an Intel Core 17-8750 CPU@2.2
GHz processor, 8.0 GB RAM, and MS
Windows 10. Please note that we did not
compare the computational time of the ap-
proaches because the GUROBI algorithm
was run on a cloud server.

Table 5. The number of non-inferior solutions.

Product Statistic  MOP-PSO  LINGO  GUROBI
-1 -2 -3
Top-loaded
washing Max 14 8 15
machine
Min 8 1 3
Average 10.5 4.75 7.7
SD. 2.04 2.38 3.54
0.19 0.5 0.46
Outdoor
unit air Max 16 8 12
conditioner
Min 7 1 4
Average 9.5 5.1 9.5
SD. 2.84 225 1.76
0.3 0.44 0.19

From Table 5, MOP-PSO looks out-
standing among the competitive algorithms.
It could find more non-inferior solutions;
additionally, the coefficients of variation
were lower than others on both sample
products. The less C, represents a more
consistent approach.

However, we could not prove that
these three algorithms significantly differed
in statistical analysis perspectives. Accord-
ingly, we needed to conduct a deep analysis
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to confirm that the proposed method outper-
forms other competitive methods.

First, the boxplot diagram was por-
trayed for each sample product. Fig. 4
shows the boxplot of the approaches on the
top-loaded washing machine, in which 1, 2,
and 3 means Modified PSO, LINGO, and
GURORBI, respectively.

Fig. 4 shows that LINGO was differ-
ent from the group. However, MOP-PSO
and GUROBI do not appear to be signifi-
cantly different.

Boxplot of Result

Result

1 2 3
Method

Fig. 4. Boxplot of non-inferior solution number
of the top-loaded washing machine.

Thus, we need to carry out the analy-
sis of variance (ANOVA) based on the hy-
pothesis below. H,: All approaches are not
different performance. H;: There is one ap-
proach different from others. Figs. 5-8 are
the analysis results from an analysis tool for
statistical data. Fig. 5 shows that the null

Analysis of Variance
Source DF Adj SS Adj MS F-Value P-Value
Method 23307 165350 2218  0.000
Error 57 4249 7455
Total 59 7556

Fig. 5. ANOVA table for the top-loaded wash-
ing machine.

hypothesis is rejected. This means that at
least one method is different from others.
The adjusted R-squared which tell us how
well a model fits data and predicts the data
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Model Summary
S R-sq
2.73043 43.76%

R-sq(adj)
41.79%

R-sq(pred)
37.69%

Fig. 6. Model adequacy for the top-loaded
washing machine.

Coefficients
Term Coef SE Coef T-Value P-Value VIF
Constant ~ 7.650 0.352 21.70 0.000
Method
1 2.850 0.499 5.72 0.000 1.33
2 -2.900 0499 -5.82  0.000 1.33

Fig. 7. Model coefficients for the top-loaded
washing machine.

Fits and Diagnostics for Unusual Observations

Obs  Result Fit  Resid Std Resid
46 14.000 7.700  6.300 237R
49 15.000 7.700 7.300 2.74 R

Fig. 8. Unusual data for the top-loaded washing
machine.

is 41.79% which is looking good, see Fig.
6.

Fig. 7 explains the coefficients of
the model which implies that all indepen-
dent variables are statistically significant to
the model. Finally, the unusual data were
pointed out by the tool in Fig. &.

The next question is how different
they are? We have known only that there
is at least one method different from others
but we do not know the detail yet. Accord-
ingly, we deployed the Tukey test with 95%
confidence level to cluster the method. Fig.
9 illustrates the Tukey test result.

Grouping Information Using the Tukey Method and
95% Confidence

Method N Mean Grouping

1 20 10.50 A

3 20 7.70 B

2 20 475 C

Means that do not share a letter are significantly different.

Fig. 9. Tukey test for the top-loaded washing
machine.
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Fig. 9 shows that the three groups
that are significantly different from each
other. Group A yields the highest mean,
which is the MOP-POS method. Group B
yields the second rank of mean, which is the
GUROBI method. The last one is Group C,
which is the LINGO method.

We then analyzed the result from the
air conditioner outdoor unit product. First,
a boxplot diagram was portrayed for each
sample product. Fig. 10 shows the boxplot
of the approaches on the air conditioner out-
door unit, in which 1, 2, and 3 means Mod-
ified PSO, LINGO, and GUROBI, respec-
tively.

Boxplot of Result

Result

1 2 3
Method

Fig. 10. Boxplot of non-inferior solution num-
ber of outdoor unit air conditioner.

Fig. 10 shows that LINGO was dif-
ferent for the group. However, MOP-PSO
and GUROBI do not appear to be signifi-
cantly different. Thus, we need to carry out
the analysis of variance (ANOVA) based on
the hypothesis we declared earlier. Figs.
11-14 are the analysis results from a statis-
tical data analysis tool.

Analysis of Variance
Source DF Adj SS Adj MS F-Value P-Value
Method 2 2581 129.067 2390  0.000
Error 57 3078 5.400
Total 59 5659

Fig. 11. ANOVA table for the outdoor unit air
conditioner.
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Model Summary
S R-sq
232379 45.61%

R-sq(adj)
43.70%

R-sq(pred)
39.74%

Fig. 12. Model adequacy for the outdoor unit
air conditioner.

Coefficients
Term Coef SE Coef T-Value P-Value VIF
Constant  8.033 0.300 26.78 0.000
Method
1 1.467 0424 346 0.001 133
2 -2.933 0424 -691 0.000 1.33

Fig. 13. Model coefficients for the outdoor unit
air conditioner.

Fits and Diagnostics for Unusual Observations

Obs Result Fit Resid  Std Resid
5 16.000 9.500 6.500 2.87R
6 16.000 9.500 6.500 2.87R
56 4.000 9.500 -5.500 -243 R

Fig. 14. Unusual data for the outdoor unit air
conditioner.

Fig. 11 shows that the null hypothe-
sis is rejected. This means that at least one
method is different from others. The ad-
justed R-squared, which tells us how well
a model fits data and predicts the data, is
43.70%, which looks good (see Fig. 12).

Fig. 13 explains the coefficients of
the model, which implies that all indepen-
dent variables are statistically significant to
the model. Finally, the tool in Fig. 14
pointed out the unusual data.

We also deployed the Tukey test
with a 95% confidence level to cluster the
method. Fig. 15 illustrates the Tukey test
result.

Fig. 15 shows that the two groups
are significantly different from each other.
Group A yields the highest mean, as do the
MOP-POS and GUROBI methods. Group
B yields the lower mean, which is the
LINGO method. Obviously, the proposed
method was not different from the GUROBI
package on the outdoor unit air conditioner.
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Grouping Information Using the Tukey Method and
95% Confidence

Method N Mean Grouping

1 20 9.5 A

3 20 9.5 A

2 20 5.1 B

Means that do not share a letter are significantly different.

Fig. 15. Tukey test for the outdoor unit air con-
ditioner.

Unfortunately, we could not test their ef-
ficiencies, such as convergence rate and
computational time, because the GUROBI
method was run on a cloud server.

3.2 Explicit computational results

Then, the explicit result analysis was
conducted. The stopping criterion was
changed to force the algorithms to find the
non-inferior solutions at fifteen to stop the
execution. Many times, the solution found
so far may be identical. We must accept
the identical solution of up to two solu-
tions. Furthermore, we are interested in
comparing the explicit results of three algo-
rithms. Legitimately, specific results could
not guarantee their performance in general.
However, they could guide a practitioner to
consider a solving tool for his on-hand prob-
lem.

Tables 5-6 show the computational
results of the top-loaded washing machine
and the outdoor unit air conditioner, respec-
tively. The bold numbers are the best solu-
tions found so far.

The solutions in Tables 5 and 6 illus-
trate the proposed algorithm’s performance.
The best solutions of the proposed algo-
rithm outperformed the competitive algo-
rithms in both sample products. It is inter-
esting to note the significant differences in
the results. Figs. 16-18 draw the descrip-
tive statistics of three algorithms with maxi-
mum, minimum, and average values for ob-
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jective functions 2 to 4.
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Fig. 16. Descriptive statistics comparison of f
on the top-loaded washing machine.
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Fig. 17. Descriptive statistics comparison of f3
on the top-loaded washing machine.
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Fig. 18. Descriptive statistics comparison of f4
on the top-loaded washing machine.

Figs. 19-21 show the descriptive
statistics of three algorithms with maxi-
mum, minimum, and average values for ob-
jective functions 2 to 4.

4. Conclusion and Outlook

This research has two primary aims.
Initially, we introduce an enhanced meta-
heuristic algorithm aimed at addressing
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Table 6. Explicit computational results on the top-loaded washing machine.

MOP-PSO LINGO GUROBI
No. bj! f2 f3 i f S f3 i N Sf2 f3 fa
1 6 1330.65 7.251 25 6 1742.65 8.354 32 6 1498.25 6.450 32
2 6 1330.65 6.105 26 6 1785.32 7.144 32 6 1522.03 7.190 27
3 6 1330.00 8.251 32 6 177343 7.256 33 6 1532.17 6.450 30
4 6 134128 6.251 26 6 1803.55 7.015 34 6 1518.41 7.352 32
5 6 1330.65 6.250 26 6 1780.08 7.946 30 6 1511.68 7.215 32
6 6 1341.28 6.433 23 6 1785.32  8.490 32 6 1499.06 8.235 26
7 6 1330.65 8.251 32 6 1793.57 7.013 31 6 1498.25 7.853 32
8 6 1438.02 6.251 25 6 1810.22 8.456 30 6 1524.04 6.441 28
9 6 1330.65 6.251 32 6 178532 7.144 31 6 1511.68 6.441 32
10 6 1345.02 6.055 35 6 1769.86  7.235 33 6 1532.17 6.402 33
11 6 1330.65 6.251 26 6 1785.32 8.354 29 6 1532.17 6.508 32
12 6 1345.02 6.203 33 6 1742.65 7.144 33 6 1511.68 6.441 32
13 6 1346.51 6.080 24 6 1769.05 7.100 32 6 1610.31 6.402 32
14 6 1341.28 6.055 28 6 1803.55 7.069 33 6 1509.74 6.501 30
15 6 1326.25 8.256 34 6 1785.32 8435 32 6 1576.09 7.233 27
Max 6 1438.02 8.256 35 6 1810.22 8.490 34 6 161031 8.235 33
Min 6 1326.25 6.055 23 6 1742.65 7.013 29 6 1498.25 6.402 26
Average 6 134257 6.680 2847 6 1781.01 7.610 31.80 6 1525.85 6.874 3047

Table 7. Explicit computational results on the outdoor unit air condition.

MOP-PSO LINGO GUROBI
No. fi fo /3 fi A S E fi A S /3 fa
1 5 71325 4371 21 5 78478 6.945 24 5 74322 6.782 20
2 5 728.04 4.145 20 5 84517 6.925 24 5 731.09 7.895 21
3 5 713.05 5435 20 5 76522 7.093 21 5 725,55 7999 21
4 5 70032 5311 22 5 832.08 8.221 21 5 732.09 6452 21
5 5 709.05 6.032 21 5 78532 7.003 22 5 72844 6923 22
6 5 69848 6.622 19 5 813.06 7.052 23 5 731.09 8909 20
7 5 715.19 7.735 17 5 793.03 6.832 25 5 745.11 7.839 19
8 5 728.04 4.260 19 5 814.06 7.003 21 5 812.15 6.210 22
9 5 712,13 6.429 18 5 76522 9890 21 5 79846 6955 20
10 5 726.54 4995 21 5 830.11 8.455 21 5 73452 6350 21
11 5 715.19 4.490 20 5 760.22 8.725 22 5 79534 6.987 19
12 5 701.16 6.063 20 5 829.25 7.000 22 5 71852 8.352 23
13 5 699.56 6.599 22 5 747.65 9946 24 5 73209 7.895 20
14 5 71325 5.073 19 5 769.32 6.999 25 5 72045 7.022 22
15 5 721.11 5.002 20 5 800.55 7.000 23 5 73512 7.052 20
Max 5 728.04 7.735 22 5 832.08 9.946 25 5 812.15 8.909 23
Min 5 69848 4.145 17 5 747.65 6.832 21 5 71852 6.210 19
Average 5 71296 5504 1993 5 79205 7.852 2233 5 74572 7.346 20.79
DLBP in the context of uncertainty. Sec- sample products.
ondly, we assess the effectiveness of the The modified metaheuristics in this
proposed method by implementing it in the study was a multi-objective particle swarm

design of a disassembly line balancing for optimization (MOP-PSO), which deploys
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Fig. 19. Descriptive statistics comparison of f5
on the outdoor unit air conditioner.
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Fig. 20. Descriptive statistics comparison of f3
on the outdoor unit air conditioner.
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Fig. 21. Descriptive statistics comparison of fy
on the outdoor unit air conditioner.

the Sic-bo game in its discretization mech-
anism and makes the elite list using the
Pareto-optimality principle. The algorithm
was synchronized to four objectives in the
mathematical model of DLBP: disassem-
bly line balancing problem, minimizing the
number of workstations, minimizing to-
tal idle time, minimizing maximum disas-
sembly cost, and minimizing total direc-
tion changes. The complexity of this new
method was that it could deal with fuzzy
disassembly task time. The fuzzy numbers
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were operated before the algorithm process.
Then, the defuzzification was executed to
give the solutions.

The proposed method was tested by
comparing it to competitive solvers like
LINGO and GUROBI. Two sample prod-
ucts were used: the top-loaded washing ma-
chine, which required thirty-nine disassem-
bly tasks, and the outdoor unit air condi-
tioner, which required twenty-six disassem-
bly tasks. Please note that this study did not
consider the destructive disassembly pro-
cess as the research attribute.

The computational results showed
that the proposed method outperformed the
number of non-inferior solutions found.
Furthermore, it promised consistency by
yielding the lowest coefficient of variation
numbers. Explicit computational experi-
ments were carried out. This step changed
the stopping criterion to the number of
non-inferior solutions found. The results
showed that the proposed approach sur-
passed the competitive algorithms in this
study. It provided promising solutions for
both sample products.

However, this study did not cover
many circumstances in the real world. The
quality of the disassembled component can
be modeled as a fuzzy number. The de-
termination between destructive disassem-
bly and non-destructive disassembly can be
solved and optimized to support the deter-
mination of disassembly line design.

Moreover, the disassembly line de-
sign layout can be included in the problem;
it can be modeled as a mathematical model
and solved by metaheuristics in the context
of a multi-objective optimization problem.
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