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Abstract

Disassembly for the end of life products considered very important issues nowadays, to keep an environment is clean as much
as possible and reduce pollution by reducing industrial waste, the disassembly line is to solve of this problem, but the disassembly
line is face more problems such as smooth of work load in workstations, hazard parts in disassembly products, etc. To optimize
these problems in disassembly line, we proposed a multi-objective ADAM optimizer algorithm to optimize and balance the
objectives. An automatic disassembly line assumed to increase disassembly processes rather than manually. The mathematical
model embedded in proposed algorithm simulated in default disassembly line, a pareto set used to detect for non inferior solutions
in the algorithms, and the results indicated to improve the productivity of between 400% to 500%, reduced the energy consumption
between 50% to 75%, reduced the number of workstations between 80% to 95%, and reduced cycle time between 70% to 85%.

Key words-Disassembly line balancing; Pareto set; ADAM optimizer; Multi-objective ADAM optimizer algorithm.

I. INTRODUCTION

To avoid diseases from touch the products, reducing diffi-
culty of disassembly tasks, and stressful works for workers, it
would be necessary to find other methods for disassembly to
increase the productivity of disassembly and other objectives.
Interdisciplinary research cooperation to solve the problems
related to the engineering and science fields. There are many
suggestions were studies the disassembly plans to enhance
disassembly line works such as a parallel model of balancing
a partial disassembly line with stochastic disassembly time,
disassembly line estimates include the number of workstations.
Gupta et al. [1] studied a variety of factors affecting the
efficiency of disassembly lines, and proposed the Disassembly
Line Balancing Problem (DLBP) for the first time. They
considered to reduce idle time, disassemble high-demand parts
as soon as possible, and disassemble hazards as soon as
possible. The optimization objectives in the early researches
used heuristic methods [2], [3] are the mainstay, such as
greedy algorithm [4], 2-opt algorithm [5], a combinatorial
optimization method [6], [3]. The principle of the heuristic
method is intuitive and simple to operate. It can quickly
solve a feasible solution to the problem, but the solution
result is single and uncertain, and the quality of the solution
completely depends on the heuristic rule. In order to improve
the quality of the solution, a mathematical programming
method that can obtain the optimal solution of the problem
was proposed in [7], [8], but similar to the heuristic algo-
rithm, only single objective is considered, and DLBP has
been strictly proved by mathematics to be an NP-complete
problem [9], with the increase of the problem scale, the
solution space traversed by the mathematical programming
method increases exponentially, and it is difficult to obtain

the optimal solution within the effective time. Therfor, the
mathematical programming method is not suitable for solving
large-scale problems. At present, intelligent algorithms are
widely used in solving DLBP due to their good versatility and
strong global optimization ability, including genetic algorithm
[10], ant colony algorithm [3], [11]], simulated annealing
algorithm [12] and deep learning algorithm [12], etc. With
the deepening of research [13] learned from the assembly line
balance problem related to the sequence correlation between
assembly tasks [13], and in the defined disassembly model,
not only the physical constraints between parts, that is, the
disassembly of parts, were considered. Priority relationship,
the next step of disassembly can only be carried out after
all the immediate tasks are completed; at the same time, it
is also considered that there is no mutual influence between
the parts of the disassembly priority relationship. Some parts
that have not been disassembled will hinder the disassembly
of other parts. This dependence on the constraints of the
disassembly sequence is different from the constraints of the
priority relationship. There is no mandatory requirement for
the disassembly sequence of the sequence-related parts, and
it usually takes more time to complete the disassembly task,
which is called the sequence-related time. The basic DLBP
ignores the sequence correlation time to simplify the solution
model. In practical applications, the work station time may
exceed the tact time, resulting in the production plan not being
completed as scheduled. Therfor, the sequence correlation
between parts needs to be taken into account in the solution
model. The above-mentioned intelligent algorithms all use
the dictionary order method or linear weighting a method to
convert multi-objective problems into single-objective prob-
lems, and multiple decision-making objectives are often in
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conflict with each other and their importance is difficult to
determine. This method of processing is difficult to ensure that
all objectives are consistent. Recently, robots bring to help in
this field, robotic workstations considered more a capability
to disassemble the end of life products(EOL) [14].

The remainder of this paper is organized as follows: Section
I define the disassembly line problem (DLBP), Section III
describes the problem methodology and mathematical model
of the multi-objective ADAM optimizer algorithm. Section V
presents computational and comparison results and discussion.
Section VI gives a summary and conclusion of research.

II. STATEMENT OF THE PROBLEM

Waste products disassembly is a very important activity to
keep an environment as well, now days there are many plans
to improve disassembly lines, but many of them dependence
on manual disassembly lines, disassembly lines have more
advantage’s side by side more disadvantages, an increase of
the end of life (EOL) products have led to an accumulation
of these issues which made the matter of disassembly hazard
from direct touch parts when workers who work in these fields.
To avoid diseases from touch the products, reducing difficulty
of disassembly tasks, and stressful works for workers, it
would be necessary to find other methods for disassembly to
increase the productivity of disassembly and other objectives.
Interdisciplinary research cooperation to solve the problems
related to the engineering and science fields. There are many
suggestions were studies the disassembly plans to enhance the
disassembly line works such as a parallel model of balancing
a partial disassembly line with stochastic disassembly time,
disassembly line estimates include the number of workstations,
smooth workload, dismantling profit, and with algorithm for
genetic simulated annealing was proposed to optimize the
model [15]. Another purposed a memetic algorithm to solve
two side mixed model disassembly line method [16], also a
sequence dependent partial disassembly Line Balancing prob-
lem model was proposed and a Multi-objective mathematical
model was created to simultaneously reduce the number of
workstations, total idle time, idle balance index, and the num-
ber of tools, with a pareto discrete Hummingbird algorithm
to solve disassembly problem [17], a mathematically multi-
objective model used to solve parallel line with two products
need disassembly [18], [19], [20], meta heuristics became very
importance technique to solve sophisticated problems [21],
therefor disassembly line balancing problems (DLBP), such
as idle time, sooth workload, the energy consumption, and so
on, all these problems need to solve by meta heuristic to obtain
optimum solutions.

III. METHODOLOGY

Fig. 1 the traditional disassembly line is generally manual,
the disassembly products are too low productivity, many of
workers at workstations, and the workload is not smooth, our
methodology refers to convert the manual disassembly line
to the automatic disassembly line (see Fig. 6), to improve
the proposed disassembly line, and balancing the problem
of disassembly processes by using proposed algorithm, we
assumed some details to design meta heuristic algorithm.

A. Assumptions

The waste products will face many uncertain factors during
the disassembly process, such as differences in the structure of
different types of scrap products, uncertainty in the quantity
and quality of parts, and connection damage in some parts.
In order to simplify the model, the following assumptions are
made:

1) The waste product is a single species;

2) The quantity of scrap products is sufficient, which is
suitable for assembly line production method;

3) The number of parts of the scrapped product is complete,
and there is no loss or modification, etc.;

4) The parts are connected reliably and can be disassem-
bled normally;

5) Use standardized disassembly operations;

6) Ignore the uncertain factors in the disassembly process,
and the disassembly operation time is fixed;

7) Disassemble all parts of the waste product;

8) Each part corresponds to a disassembly task.

9) Each disassembly task can not be divided.

According of above assumptions for fuzzy disassembly prod-
ucts, we proposed new meta heuristics algorithm to determine
optimum solutions of the disassembly line balancing problem.

B. Proposed algorithm

In this paper, the multi-objective ADAM optimizer is ar-
tificial intelligence algorithm to solve four objectives, the
objectives mean the problems face the disassembly line, to
balance these problems need to build up the population for
the disassembly line based to the Multi-Objective ADAM Op-
timizer Algorithm (MOAOA) to balance solutions to evaluate
of the disassembly solutions, this population would be typi-
cally suitable for solving discrete and continue optimization
problems, and the decoding method is discredited as shown in
an instant example contains 9 parts Fig. 3, and the technique
which is used to determine the sequence of disassembly parts
at the line Fig. 2, this example needs disassembling under
four objectives with limit constraints such as sequence in
workstations and other constrains in equations (21-32), and
flowchart in Fig. 7, to obtain an initial population for the
allocation of the workstations and the assignment of works
should be determined at the flowing:

Step 1: select the current assignment in order of the
disassembly sequence from left to right, if the work is not
completed, perform step 2; otherwise, step 5.

Step 2: calculate the actual disassembly time for the current
assignment, including job time, adjustment time, and sequen-
tial correlation time. The calculation of adjustment time is
based on the disassembly direction of each adjacent work in
the disassembly sequence, and determines whether each work
needs to adjust the operation, if the disassembly direction of a
work is inconsistent with that of the previous work, the deter-
mination of the sequence priority should be combined with the
disassembly sequence and the sequence priority matrix, and for
two disassembly works with sequence correlation, determine
the location of each work in the disassembly sequence a work
has an impact on the execution of another work.
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A
Disassembly Workstation 1

Fig. 1. The manual disassembly workstation with human efforts
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Fig. 2. A schematic diagram of the priority selection of parts to remove from
EOL product according to multi-objective functions.C'T" means the cycle time.

Step 3: determine whether the actual disassembly time of
the current assignment work is not exactly the disperse time of
the momentum workstation, provided that this is true, appoint
the work to the current workstation, and the excess disseminate
time of the workstation will be reduced. Perform step 1;
otherwise, step 4.

Step 4: open a new workstation, reset the remaining allow-
able time to idle time, and perform step 3.

Step 5: output a location of all tasks in the disassembly
sequence, and assigned workstations, the workstation time and
whether or not to perform the adjustment operation according
to four objectives, and the decoding program go ahead to the
end.

Suppose N components need removing sequence, each
component is defined as a disassembly work, according to the
physical constraints between the components, the priority rela-
tion diagram of the components is drawn and the disassembly
priority relation matrix is determined.

7 86 35

A\ e

Fig. 3. Removed parts from the end of life product contain 9 parts according
to scheme in Fig. 2.

Cj=1 Cj=2 Cj=n
ci=1 {bin b2 - bin
Ci=2 b2,1 52,2 b2,n
Amxn = . . .
Ci=n \ bm,1 bm,2 bm,n

)

where A,,x, the disassembly priority matrix ; c;,c; com-
ponents numbered 4, j; n is a overall components; b;; is the
disassembly preference of components c¢; and components
cj,if component c¢; takes precedence over component c;,
b;; = 1,otherwise c;,b;; = 0.

The number of the initial population in MOAOA have a
certain effect on the convergence treatment and execution of
the algorithm, in order to expand the search scope a group of
one dimensional arrays with n length is randomly generated on
the basis of satisfying the constraint of priority relationship,
the n times are repeated and the initial population of n is
generated, among of them satisfying the constraint of priority
relationship, ensures that the random solution is in the feasible
region besides the difference between these random solutions
and a global search, steps for constructing a random solution
are as follows:

Step 1: according to the priority relationship diagram, algo-
rithm establishes the priority relationship matrix, initialize the
disassembly sequence position K.

Step 2: find out the work j that makes it work and add it to
the candidate work Vj (see Fig.2).

Step 3: determine whether the candidate work set holds, if so,
perform step 6; otherwise, perform step 4.

Step 4: randomly select a work .J; in Vi to relegate to the K
situation of the disassembly succession.

Step 5: rebuild the precedence matrix, constrain the assigned
work 71, so that the work j; will not be a candidate again, and
the work j; allocation does not impose constraints on other
works. Therefor, release the constraints on the unassigned
works from the assigned work J;, make K, K, and perform
step 2.

Step 6: By outputting the disassembly sequence, the random
solution constructor will finish.

C. Notation

This list contains mathematical model notations used in this
paper.
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f Improve productivity

fo Minimize the energy consumption

f3 Minimize the number of workstations

fa Minimize idle time

wp The number of parallel lines

1) An average coefficient of inter sectional

imposition of productivity losses

Ktec A parameter describing the degree of tech-
nical processing of the disassembly line

EC Energy Consumption

E; Input energy for the disassembly opera-
tions

B An energy loss for the disassembly oper-
ations

B, An energy friction loss of mechanical
transmission system

FEgis An energy for the disassembly

FEiqie An energy used at idle time

Ejoss1 An energy loss

te Cycle time

tr The idle time

tot Lost time outside the disassembly cycle
time due to technical reasons

tn An optional period of time to study the
functionality of the disassembling equip-
ment

0, The average time required to reset and
calibrate the disassembling equipment

0y The total time required for disassembling
equipment to perform its functions

U Random variable an independent

€ A decreasing ratio of energy cost

Ete,, The energy consumption to change tool

P, The power need to change tools

D. The pareto solution set

The sub-objective of the multi-objective problem may con-
flict with each other and the dimensions are inconsistent,
which makes it impossible to evaluate the solution. In this pa-
per, the pareto solution set is used to deal with multi-objective
problems. the optimization objectives can be simplified to two
objectives (see Fig.4), any two solutions X1 and X2 satisfy
an equation 1, which means that the objective value f; of
X is better than the objective value fo of Xs. It is said that
X, dominates X5, the non-inferior solutions contained in the
pareto optimal solution set are not dominated by any solution
in the feasible decision space, and the set of objective functions
is called the pareto optimal frontier (see Fig.5).

{ Vie{1,2,--- M}, fi (X1) < fi (X2) )
3] c {1,2,"' ,M},fj (Xl) <fj (XQ)

IV. THE MATHEMATICAL MODEL OF THE PROPOSED
MULTI-OBJECTIVE PROBLEM

A. The modeling of multi-objectives to balance the disassem-
bly Line

1) The model of productivity: According to the method
based on multi-objectives containing four objectives, a main

Min fo Dominated space
A ) d’ d’ ?
1
° ° 1
° ° 1
’ d‘)/' ‘
4
4
Non-dominated solution ,*
’,
’
.
---07"
o---9
Pareto optimal front
0 > Mazxf,

Fig. 4. Pareto-optimal front containing multi-objectives problem and the
solution area combination between max and min

Min fo Dominated space
A ) ) d’ d)
1
' Qo Qo
' Qo Qo
e o &P
\
1
\5 Non-dominated solution
A}
L _
Tre -l
“--9
Pareto optimal front i
> m
Fig. 5. Pareto-optimal front containing multi-objectives problem and the

solution area combination between minimum objectives

objective (4, aim to maximize the productivity of the
automated disassembly line, to obtain this objective Qqz
based to MOAOA relating to this following equation:

mazimizef, = Z Q 2)
w=1

The automated disassembly line productivity ¢ (part/min)
[19], and [22] with Limited buffer capacity, maximum produc-
tivity must be related to maximum buffer, and the location of
the buffer near the workstation is considered in the serial line

Fig. 6. the automatic disassembly workstation in the disassembly line without
complete human efforts
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[23] and, [24] refer to relationship between productivity and
capacity of buffer, thus the main objective here is considering
this relationship.

Wp

Q= — 3)
%+Ta+ wpw(ilZTi |:1+ 26(1—6m—1)

1-96

Where w,, refers to workstation in parallel line, here w, = 1;
Ty components the disassembly in cycle time; T, adjusting
time (component/min); 7; idle time loss at single workstation
(min/component); w, is the number of sequential workstations
in MOAOA.

The relationship between productivity @), and the number
of workstations W is shown in the equation (4) with a
special cases,where productivity increases at the beginning
with the increase in the number of workstations and after that
it decreases sharply, there is an ideal value for the number
of workstations W, which achieve the greatest productivity
@Qmaz-this ideal value can be obtained by taking the first
derivative and equating it with zero in the equation (5)

Q.= f(W) 4)
AQu
w Y )

In the event of an unequal distribution of the works in work-
stations and having regular breakdowns and stops, productivity
will always be less than theoretical value @Q,, in equation (6).

1
Qu = ; (6)
Y e L+ Y+ W
Where t,, is a time of removal parts, t,, is time of non
removal parts, Y ¢; total of losses outside of the disassembly
tools, and t. is losses of outside the disassembly tools for one
mechanism on the disassembly line.

B. The model of Disassembling Energy Consumption of Work-
stations

1) Energy consumption objective : The second objective
assignment refers to reduce the consumption of the energy
would be used in the disassembly workstation, this objective
aim to minimizing the power as long as the automatic work-
station are working, and the model as following:

minimize fo = Z EC(s) @)
w=1

Workstations and other equipment would be attaching in the

disassembly line need enough energy to work, these energy

can be determine in following:

1) Model of Start up:

In the stand by periods, disassembly machines getting
ready to do the work, so that the value of the removing
energy Fy;s is zero; when the remover arm rise from a
starting to require force, the energy of stepper motors or
servo motors to obtain the consumption energy uses for
the moving parts to remove the disassembly components.
Therefor, the EC model as follows:

Ei(t) = Eie(t) + B (t) + dE,, /dt + dEy/dt  (8)

Ei is the input energy. Ej. is the energy loss ; Ej,
is the loss energy of shifting parts; E'm is the energy
consumption of motor’s magnetic field. Fy is the con-
sumption energy of the mechanical system .
2) Energy consumption model for idle time

In an idle time, a disassembly EC Ejy;,, and the work
done by the disassembly machines is constant,so the
energy of the stepper motors (a magnetic field) ,and
the utilization energy of the movable parts are almost
consistent. Accordingly, the energy utilization of the idle
time is as per following:

Eidle (n) - Elossl(n) + ElossZ (n) (9)

E 41 an energy in an idle time ¢4, of workstation, Ej,ss1
is the energy loss of ¢, workstation, and Ej,ss2 is the
loss energy of the mechanical transmission system in the
main driving system
3) Disassembling Energy Consumption
In the disassembling periods, Fg;s the mechanical trans-
mission system of the workstation, the consumption
energy of the moving tool arm is change heavily, and
the amount of dEm/dt and dEk/dt are approximately
equal to 0. So, the energy consumption is measured as
follows:
Ei(t) = Ee(t) + Eim(t) + Eqis(t) (10)
4) Energy Consumption of Disassembling Tool Changing
As evidenced by the disassembly technique of adjacent
the disassembly works arrangement, it may be important
to change a tool, normal tool change time can be
obtained by using fact strategy. Energy usage to change
tool can be planned as follows:
Eie;; = Pic; - (tsta + 0pos; - toeo) (11)
where P;., is power of the tool change at the iy,
workstation, tsq is the steady time of working tool,
dpos; is the moved the tool from the (k — 1)th part

to that of the k-th part, and ti.o is a time of the tool
holder.

C. Model of workstations

The third objective assignment is determine to reduce the
workstations, in actual terms as work for the limitation number
of workstations

k
Minimizefs = Z Woptimum.- (12)
k=1
Wmin S Woptimum S Wma:c (13)
It t
Wo imum — 2= 2 14
pt tc WeTB ( )
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D. Model of Idling time

Total losses time is one of the most important factors
affecting productivity and work ability of the workstation. In
this objective is assign to minimum of total idling time of
all workstations, taking into consideration balance of worksta-
tions:

k
minfy = (Wite — ). (15)
k=1
The total idle time can be calculated:
Dote=D tet Y tort Dt (16)

Total losses time is one of the most important factors affecting
in productivity and work ability of the workstation, and this
time is calculated by equation (17)

>ty = 20n _ On

z 0,

a7

Similarly can be computed another losses times by equations
(18),(19),(20) respectively.

Ztc = ZGC.T (18)
910

Sty = Zlety (19)
010

Dty = &.T (20)
017

E. Constraints:
Equations(21-24) ensures that all parts are disassembled and

each the disassembly work is located in different positions in
the disassembly sequence.

& n—1).n
D> wi = % @1)
=1 k=1
Wik = O,Vi (22)
wik + wis = 1,Vi,Vk,i # k (23)
n n
D wik £ wik, Vi, # i £ (24)
j=1 k=1

Equation (25) for the precedence constraint of the disassembly
sequence, the position of a work in the disassembly sequence
is less than the position of the work before the disassembly
sequence was completed.

D wik > > wuk, Vi, Yu € {ulay; =1} (25)
k=1 k=1

pi= Y wip+1,Yi (26)
k=1

T}

> ((tk ) (Sik X Wik + ts X 21) X 'Ujk) Vi) 27)

k=1 k=1

Ty <Te,Vj (28)

J
Z’Uij = 1,VZ (29)
J=1
J
Vij S Zvlmvja VZ7VZ € {v|pl < p’L} (30)

e=1

zj = 1,Vj € {jlp; # L,r; # 1o, v € {v|py = p; — 1}} 3D
Uik,wij,zj,Sk S {0,0}VZ,VJ, Vk (32)

The equation (26) determines the position of every work
in the disassembly Progress. The equation (27) determine
the working time of every workstation, including the work
time of disassembling work. The equation (28) is a losses
time constraint, indicating that working time doesn’t surpass
the idle time. The equation (29) is a work allocation con-
straint to ensure that all works are allocated, furthermore, the
disassembly work must be relegated to a workstation. The
equation (30) is the priority relationship constraint of work
allocation, which indicates that the pre task in the disassembly
sequence is assigned to the workstation first. The equation (31)
determine whether the disassembly work is adjusted or not,
only if the work is adjusted. The latter work needs to perform
the adjustment operation before the disassembly operation
begins and change the placement position of the obselate. The
equation (32) defines the 0-1 variables of v, w;;, Z;, and Wj,.

to increase of labor productivity constitutes the main cri-
terion to choose the optimal structural possibility for the
production line, which allows to calculate the increase in the
productivity of the line, change total costs and investment
expenses, by reducing the number of workers on the line and
the work period. In order to correctly determine the number of
sectors, it is necessary to perform a comparison of the param-
eters of automated line and manual line consisting of the same
workstations. It is possible to obtain sufficient accuracy during
the calculation taking into account the following assumptions:

1) The workstations in the automated line are the same,
loss times on all workstations are equal.

2) The storage and feeding operations between the pro-
cesses in the manual line allow to avoid the mutual
relationship between the workstations, while in the au-
tomated line with the rigid line, the failure of any work
station leads to the suspension of the rest of the work
stations.

3) The costs of the automation line are not related to the
number of workstations. The rate of work productivity
A increase in the flow line compared to the automated
line is determined by the equation (33)

f@fe Kiec + Ny(me +1)
Q1 kteco + Ny (medy + 1)

Where Q1 work productivity achieved by equipment and
technology of the first type, and Q2 work productivity
achieved by equipment and technology of the second
type,ip growth of workstations productivity,kse. is a
parameter describing the degree of technical processing
of the disassembly line ,/V, investment period by years,o
is the variation of the disassembly tools cost, € is

A

(33)
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Fig. 7. Pareto multi-objective ADAM optimizer flow chart algorithm was
used in this paper to find optimum solutions

decreasing ratio of energy cost,d,, is is the variation of
the disassembly energy for one product,m. is energy
cost factor.

The multi-objective ADAM optimizer algorithm is im-
proved by joining to the pareto set to develop searching in
solutions area, and to compute the present proposed method
is shown in Fig. 7 and can be summarize in the following
detail:

Step 1: set algorithm parameters, population size N, maximum
iteration number M az 4¢y,, probability Pa.

Step 2: process of constructing a random solution according
to generates an initialized population with a scale of IV .
Step 3: process of initialize the algorithm iteration counter
iteration = 1.

Step 4: calculate the objectives assignment fi, fa, f3, andfy
of the individual in the population, select the non-bad set by
using the definition of the pareto optimal solution set.

Step 5: keep the non-bad set in the data set and update the
bad solution according to MOAOA operation.

Step 6: generate random probability P to simulate the discov-
ery probability of MOAOA, determine whether the random

probability P is greater than Pa, if it is established, carry out
local search and update the neighbor location according to the
operation of MOAOA; otherwise, directly execute step 7.
Step 7: calculate the objective assignment value f1, fo, f3, and
fa, filter the non bad set, and update D in the data set.

Step 8: compute total non-bad sets of Np: if Np > Ny, create
population of non-bad sets according to the formula, keep Ny
not the worst solutions with large total overcrowded distance
in D, otherwise perform step 9 directly.

Step 9: update the population: recalculate the number of non-
subordinate sets of data sets, calculate the total clustering
distance of not the worst sets, choose /N which is not the
worst solution in the larger total cluster distance as a new
population; otherwise, according to the random solution con-
struction process.

Step 10:taking a decision whether the algorithm iteration
counter iteration reaches maximum number of iterations
Mazgen, and if it is reaches iteration is established, let
iteration = iteration + 1 and go to step 4; otherwise,
outputting the non bad solution in the external data set to
obtain an optimal disassembly scheme, and the algorithm is
terminated.

V. RESULTS AND DISCUSSION
A. Numerical results

Our algorithm is developed and implemented in a computer
with Microsoft windows 10. Intel Core (R) and (TM) 1710510
CPU 2.30 GHz and 16 GB RAM (see TABLE II), the code
verified in matlab R2019a, and python 3 in anaconda navi-
gator, and the disassembly line productivity was simulated in
FACTORY I/0O. Considering the performance of the proposed
algorithm and the other nine previous algorithms to compare
and investigate of better solutions. The algorithm parameters
mainly include the population size /N, maximum number of
iterations Mazxgen, and the discovery probability Pa. The
proposed MOAOA algorithm can also solve other DLBP with-
out considering the adjustment of operating time. Therefore,
in order to verify the performance of the proposed MOAOA
algorithm, the test examples is shown in Fig. 8, and detailed
in TABLE I, a sensing valve for Railway Truck, it consists
from 23 parts, the direction of the disassembly, expressed in
integers: +x — +1,—x = —1,4y = +2,—y = —2, 4z —
+3,—2z — —3, and that refer to the disassembly directions.
Aiming at the shortcomings of the previous the disassembly
line balancing problem models, which only determines the task
distribution, and cannot express the automatic disassembly,
and does not consider the productivity caused by the change of
the disassembly production and the energy consumption. The
proposed MOAOA algorithm can also solve DLBP without
considering the direction of parts during the disassembly
processes. Other meta heuristics algorithms such as Artificial
Bee Algorithm (ABC) [25], Ant Colony Optimization (ACO)
[13], Genetic Algorithm (GA) [26] , Particle Swarm Opti-
mization (PSO) [27], RFD (River Formation Dynamics, RFD)
[28], Simulated Annealing (SA) [29], Tabu Search (TS) [30],
variable neighborhood search (VNS) [31], genetic algorithm
with a variable neighborhood search (VNSGA) [32]. The
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Fig. 8. The disassembly product example used to confirm proposed algorithm

algorithms above assume the importance of four objectives and
uses the dictionary order method to optimize each objective in
DLBP. This processing method has the following problems:

1) Different decision makers may have inconsistent percep-
tions of the importance of each objective;

2) The essence is still single-objective optimization, and
only a single solution can be obtained once the algorithm
runs.

The pareto filter for find non inferior solutions mentioned
in the literature [33] to deal with multi-objective problems. It
optimizes each objective at the same time without considering
the importance of four objects. At the same time, it uses an
improved crowding distance mechanism to solve the overflow
problem of non-inferior solutions. Especially the problem of
screening the boundary solutions of sub-objectives. Once the
algorithm runs, multiple non-inferior solutions with different
focuses can be obtained, providing decision-makers with mul-
tiple options.
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Fig. 9. The pareto optimal set to filter the solutions after balance objectives
and compare the objectives 10 algorithms, MOAOA investigated the superior
objectives.

TABLE I
THE PARTS SPECIFICATIONS OF THE DISASSEMBLY PRODUCT EXAMPLE A
SENSING VALVE FOR RAILWAY TRUCK

SN Name Quantity Directions
1. Nut 3 -1
2. Washer 3 -1
3. Bolt 3 1
4. Cap 1 -1
5. Plate 1 -1
6. Rod 1 -1
7. Seal 1 -1
8. gasket 2 -1
9. Int. body 1 -1
10. Valve body 1 1
11. Spring 1 -1
12. O seal 1 -1
13. Gasket 2 -1
14. Back body 1 1
15. Back cover 1 -3
16. O seal 1 -3
17. Y seal 1 -3
18. Piston 1 -3
19. Spring 1 3
20. Screw 1 3
21. O seal 1 1
22. Gland 1 -1
23. Valve spring 1 1
450
I 25%~75%
400 4 T Range within 1.5IQR
— Median Line
350 = Mean
+ Outliers
300 +
(0]
g: 250 4
4
200 +
150
100-?*_?&_;_%
50 T T T T T T T T T

Q X QO O (@] el < X~ \'ad
Qg [©) VO ?§7 Q% ) oS e%C') OvO
IR

Fig. 10. The comparison between 9 algorithms, and MOAOA algorithm to
show a range of the first objective (f) increasing productivity in the manual
and the automatic disassembly lines.

B. Comparison results

TABLE II the analysis shows that MOAOA obtain maxi-
mum f; =394.28 part/min,minimum fo = 20.28 kJ, minimum
fs = 3 workstations need to complete the disassembly pro-
cesses in the automatic disassembly line, minimum cycle time
f1 =78.09sec, and the work time of MOAOA in the computer
0.30sec

TABLE III The sensitivity analysis was performed with
the productivity in RFD, GA, ACO, ABC, PSO, SA, TS,
VNS algorithms slopes are not significantly, because there are
dispersion in the population solutions, and MOAOA Slope is
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TABLE II
COMPARISON BETWEEN NINE PREVIOUS META HEURISTICS ALGORITHMS, AND PROPOSED ALGORITHMS (MOAOA)

Source Algorithm f fa f3 fa Time/s Computer configuration Program environment
literature [28] RFD 97.00 33 5 96.05 3.62 Intel Core2 1.79GHz MATLAB
literature [26] GA 93.00 67 5 91.76 53 Intel Core2 1.79GHz MATLAB
literature [13] ACO 91.00 29 5 96.05 5.36 Intel Core2 1.79GHz MATLAB
literature [25] ABC 88.00 38 6 96.05 2.4 Intel Core2 1.79GHz MATLAB
literature [27] PSO 83.00 27 5 96.05 0.81 Intel Core2 1.79GHz MATLAB
literature [29] SA 91.00 33 5 96.05 - Intel Core2 1.79GHz MATLAB
literature [30] TS 95.00 34 5 11143 0.87 Intel Core2 1.79GHz MATLAB
literature [31] VNS 85.00 32 5 96.05 0.83 Intel Core 17-3770 3.40GHz MATLAB
literature [32] VNSGA  87.00 30 5 96.05 0.65 Intel Xeon E5-2650 2GHz C++

This paper ~ MOAOA 39428 20.28 3 78.09 0.30 Intel Core (R) i710510 CPU 2.30 GHz MATLAB & python
TABLE III
THE COMPARISON OF THE DESCRIPTIVE STATISTICAL OF NON INFERIOR SOLUTIONS IN 10 ALGORITHMS TO DETERMINE THE SIGNIFICANCE OF
ALGORITHMS
Intercept Slope Statistics
Algorithms Sum of Squares Mean Square F Value Prob > F  Value Standard Error Value Standard Error Adj. R-Square
RFD 485.1405 485.14047  1.71328  0.1951  129.07726 4.12671 -0.13608 0.10397 0.01053
GA 449.0934 449.09341  1.08723  0.30089 127.78183 4.98415 -0.13093 0.12557 0.0013
ACO 1.6674 1.6674 0.99636  0.32184  96.01888 0.31725 0.00798 0.00799 -5.43E-05
ABC 0.49175 0.49175 0.04078  0.84058  93.74759 0.85155 0.00433 0.02145 -0.01452
PSO 5.09945 5.09945 1.67295  0.20037  85.1216 0.42816 0.01395 0.01079 0.00994
SA 7.67845 7.67845 0.92995  0.3384  94.33582 0.70468 0.01712 0.01775 -0.00105
TS 0.40497 0.40497 0.29106  0.59136  87.37094 0.28927 -0.00393 0.00729 -0.01069
VNS 3.02486 3.02486 2.9427  0.09096  87.1734 0.24864 0.01075 0.00626 0.02818
VNSGA 26197 26197 - - 86 0 1 0 1
MOAOA 322749.7 322749.66  3.69E+30 0 397.79 7.26E-14 -3.51 1.83E-15 1
TABLE IV 3001 [ 25%-75%
WITH 100 NON INFERIOR SOLUTIONS COMPARED THE 10 ALGORITHMS T Range within 1.51QR
FOR f1 g . '
— Median Line
- - ©) s Mean
Algorithms N Mean SD Min Max Y 200 + Outliers
”"RFD” 100 124.3824 16.91685 97 150 k‘@
"GA” 100 123.2647 20.33717 93 159 N
”ACO” 100 96.29412  1.2936 91 98 80
”ABC” 100 93.89706  3.44743 88 100 < 1004
"PSO” 100 85.60294 175465 83 88 & él =5
”SA” 100 94.92647 2.87198 91 100
”TS” 100 87.23529  1.17331 85 89 - e —— —— BB I_—LL|
”VNS” 100 87.54412  1.02846 85 89
"VNSGA” 100 120.5 19.77372 87 154 07
"MOAOA” 100 276.695 69.40576 159.11 394.28
Q ¥ O L 0O % 2 D &
Qg ¢ ?‘0 Y?) Q"o b A Ae&oovo
significantly, and the different from zero is too low, standard . AR\
error was scaled with square root of reduced Chi-Square to Algorithms

measure superior of algorithms, which resulting to the improve
of f; maximize productivity in the automatic disassembly line
rather than the manual disassembly line, and the total trend in
this study indicating to the productivity is increase in MOAOA
algorithms and the Automatic Disassembly Line Balancing
Problem (ADLPB).

The descriptive statistics in TABLE IV record the mean
of N 100 non inferior solutions population, standard
deviation (SD), minimum (Min), maximum (Max) obtained
by the 10 algorithms, the numbers the MOAOA productivity
significantly refers to high mean, SD, min, and max when

Fig. 11. The comparison between 9 algorithms, and MOAOA algorithm to
show a range of the second objective (f2) reducing the energy consumption.

compared with RFD, GA, ACO, ABC, PSO, SA, TS, VNS
algorithms.

Fig. 9 show the non inferior solutions of all algorithms
which filtered by the pareto optimum solutions set, the non
inferior solutions of MOAOA indicates to superior solutions
rather than other algorithms, MOAOA population solution
obtained to maximum f;, minimum f5, and minimum f.
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Fig. 12. The comparison between 9 algorithms, and MOAOA algorithm to
determine the fourth objective (fy4) is the decreasing cycle time.

Fig. 10 show the range of f; between MOAOA and other
algorithms, MOAOA investigated the wide range of solutions
with high productivity f;, and mean and median in the mid
of solutions population.

In addition, Fig. 11, of 10 algorithms record the minimum
(Min) range of EC in MOAOA rather than other algorithms,
but not wide range, mean and median of solutions population
are not in the middle of box plot, and Fig. 12 the box plot of
fa cycle time solutions population refers to minimum range
of the disassembly processes time

VI. CONCLUSION

In this paper, we took advantage of artificial intelligence
algorithms and we developed an new algorithm named multi-
objective ADAM optimizer. This algorithm is established to
optimize the productivity, energy consumption, the number of
workstations, and cycle time, to balance all these objective
functions it was necessary to assume that the disassembly
line is automated. The descriptive statistics of the MOAOA
algorithm, and the automatic disassembly line indicate the
probability of converging to the true pareto frontier from
400 to 500% increase productivity, decrease the energy con-
sumption between 50% to 75%, decrease the number of
workstations between 50% to 70%, and decrease cycle time
between 70% to 85%. Through the above comparative anal-
ysis, we can see that the MOAOA algorithm proposed in
this paper is superior to the above nine algorithms. At the
same time, compared with the deficiency of transforming the
multi-objective problem. The results show that the proposed
algorithm and model can provide guidance for decision makers
to construct remanufacturing disassembly lines. All this leads
to the protection of the environment in which we live from
harmful pollution to the health of society.
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