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Abstract. Disassembly is one of the essential operations in manufacturing to recover the useful parts of the
product after End of Life (EOL). Moreover, by generating an optimal disassembly sequence, the time to
dismantle the product will be reduced, and in turn, cost also reduces. However, achieving an optimal disassembly sequence is not an easy task as it is an NP-hard combinatorial problem. Many researchers followed
different approaches like mathematical, knowledge-based and artiﬁcial intelligence (AI)-based methods to
generate optimal disassembly sequences. Most of the researchers concentrate on generating the optimal disassembly sequence, but only a few of them discuss the disposal of the parts after EOL. It is very much essential to
consider the type of disposal that has to follow the individual components after dismantle to reduce the effect on
the environment due to parts of the EOL product. In this research work, a stability graph cut-set method is
applied to generate optimal disassembly sequences by considering the minimum number of directional changes
as a ﬁtness equation. In the proposed methodology, a stability graph is formulated for the considered assembly to
apply cut-set rules for generating optimal assembly sequences. Later, the reverse of the obtained optimal
assembly sequences is followed to generate the optimal disassembly sequences. In this strategy, along with the
generation of optimal disassembly sequences, the type of disposal (like landﬁll, incineration and recycling) that
has to follow for the individual parts is also discussed using a SOLIDWORKS sustainable tool. The proposed
stability graph cut-set method is validated using an eleven-part punching machine assembly to generate the
optimal disassembly sequences; also the type of disposal that has to follow for each part after dismantle is
discussed. Moreover, the proposed methodology is compared to the well-known algorithms [genetic algorithm
(GA) and ant colony optimization (ACO) algorithm] in terms of the number of iterations, the number of optimal
disassembly sequences generated and ﬁtness value to check the performance of the algorithm.
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Sustainability tool; disassembly; stability graph; cut-set method; punching machine.

1. Introduction
Assembly/disassembly is one of the primary operations in
the manufacturing sector to assemble the product or to
dismantle the product for any maintenance purpose. This
assembly or disassembly operations require a sufﬁcient
amount of information about the parts and tool requirements for assembling or disassembling the parts of the
product. Apart from the part information and tools required
for assembling or disassembling, the optimal sequence is
*For correspondence

required in which order the components have to be
assembled or disassembled. Achieving an optimal sequence
for a product is a challenging and tedious task as the
assembly sequence planning (ASP) or disassembly
sequence planning (DSP) problem is an NP-hard problem.
Assembly or disassembly is not only merely joining or
removing of parts one after the other, and these operations
require more information like contact data, stability and
feasibility data.
To achieve this information, many researchers followed
different strategies like the mathematical model, CADbased approaches, AND/OR graph methods. Apart from
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feasibility data, the ﬁtness function has to be formulated to
generate optimal assembly/disassembly sequences.
To formulate a ﬁtness equation, researchers used different parameters like assembly time, assembly cost, directional changes, tool changes, the energy of the part, and
many more to generate optimal assembly/disassembly
sequences. Meanwhile, some of the researchers are concentrated on economic and environmental aspects in view
during the dismantling of the parts after End of Life (EOL).
To generate optimal assembly/disassembly sequences,
researchers applied many methods starting from the mathematical models to artiﬁcial intelligence (AI) techniques.
Some of the researchers applied the methods like computeraided design (CAD) approaches and knowledge-based
methods to achieve the optimal assembly or disassembly
sequences. Among all these methods, AI methods are predominantly used to solve ASP or DSP problems because of
their search space consumption during the execution of the
algorithms.
Compared with the AI methods, CAD-based methods
give optimal global solutions but they consume more search
space during execution. Most of the researchers are concentrated on achieving the optimal assembly/disassembly
sequences. Apart from attaining the optimal disassembly
sequences, very few researchers are focussed on the disposal of parts after EOL of the product.
Keeping the discussed limitations in view, in this
research work, a new stability graph cut-set method is
proposed to generate optimal disassembly sequences by
considering the disassembly as the reverse of assembly.
In this methodology, a stability graph developed based
on assembly predicates extracted from the CAD environment is used to apply the cut-set method for generating the
stable subassemblies to obtain the optimal assembly
sequences. Later the reverse of assembly sequences is followed to get the optimal disassembly sequence.
Apart from generating the optimal disassembly sequences, a SOLIDWORKS sustainable tool is used to estimate
the type of disposal (landﬁll, recycling of the part and
incineration of the part) to be followed for the individual
parts after EOL of the product based on the release of CO2,
energy used by the part, acidiﬁcation by the part to the
atmosphere and hypertrophic action of water.
By the estimation of the type of disposal percentage for
the individual parts, the manufacturer can follow proper
disposal methods to save the environment as well as reduce
the cost of the manufacturing.
The research article is organized with the following
sections. Section 1 deals with the introduction part about
the ASP and DSP problem and the research that carried out
in the ASP/DSP problem. Section 2 discusses the literature
of ASP and DSP issues and different methods that are
applied by various researchers to solve the ASP/DSP
problem. Section 3 deals with the developed methodology
of stability graph cut-set method to achieve optimal disassembly sequences. Section 4 discusses estimating disposal
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percentage using the SOLIDWORKS sustainable tool for
the individual parts after EOL of the product. Section 5
presents a brief summary of the work that is carried out in
this research.

2. Literature review
In this section, a detailed review of the different approaches
that are followed by the researchers to generate optimal
assembly and disassembly sequences is discussed.
Initially, Caine et al [1] worked on reliable assembly
strategies to generate optimal assembly sequences. The
developed methodology is applied to complex plug and hole
assembly to validate the proposed methodology as the proposed methodology has uncertainty during the generation of
the solution, which is caused due to incomplete knowledge
about the parts involved in the assembly.
Ye and Urzi [2] develop a system that supports the
decision making at assembly lines as they directly have an
impact on the cost and production quantity. This proposed
system is combined with the existing CAD/CAM software
to monitor the process. This developed system is tested and
validated by various complex applications. Feldmann et al
[3] explain how the assembly process impacts on the
globalization and ﬂexible manufacturing to optimize the
manufacturing process by emphasizing the importance of
assembly strategies. Mease et al [4] explain how selective
assembly strategy reduces the cost of manufacturing by
obtaining the optimal solution. The proposed approach
involves separating the parts with the same features and
grouping. During the assembly process, the parts are called
from the groups to make the assembly process easy and
cost-effective.
Bahubalendruni et al [5] proposed an advanced immune
system algorithm to generate the optimal assembly
sequences. The proposed methodology is applied to different industrial products to obtain the optimal assembly
sequences. Zussman et al [6] developed the optimal design
for recycling the product by considering the amount of
release of carbon dioxide after EOL of the product. The
developed methodology is applied to the washing machine
product to evaluate the performance of the algorithm.
Gunji et al [7] proposed a hybrid genetic immune system
to generate optimal assembly sequences. The proposed
algorithm uses the operators like negative section and bone
marrow models to generate the optimal solution. The
applied methodology shows impressive results for the
complex products, where the algorithm shows poor results
for lesser part assemblies.
Hong and Cho [8] developed a neural-network-based
computational scheme to generate optimal assembly
sequences. To generate optimal sequences, the authors use
assembly constraints and assembly costs as input data to
train the neural network. Sharma et al [9] proposed the ant
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colony optimization (ACO) algorithm to generate optimal
assembly sequences. In the proposed methodology, the
authors considered the energy of the part as an objective of
optimization for generating the optimal assembly
sequences.
Murali et al [10] proposed an integrated design for
assembly (DFA) approach to generate optimal assembly
sequences. In the proposed methodology the DFA concept
is applied to generate reduced levels of the assembly
sequence by considering DFA parameters like contact
between the parts, relative motion between the parts, the
functionality of assembly and the type of material used.
Rickli and Camelio [11] address the issues like costs of
over-processing, and impact on the environment due to the
parts after EOL is estimated using genetic algorithm (GA).
A case study is presented to study the performance of the
GA to generate the optimal disassembly sequence using the
espresso machine.
Lambert [12] works on disassembly strategies to provide
optimal disassembly sequences for the discarded complex
products. The algorithm mainly focuses on maximizing the
economic performance of the disassembly process. The
process is based on the ranking of the obtained sequences for
every iteration. Harjula et al [13] analyse the impact of
recycling of the parts after EOL on ﬁnance, and environment
DFA concept is used; moreover, the studies reveal that the
redesign is very compatible to apply design for disassembly.
To obtain the optimal disassembly sequence and recovery rate of the parts for the EOL product, a dynamic programming algorithm is implemented [14, 15]. According to
this method, a disassembly tree is developed to generate
optimal disassembly sequences and to estimate the recycle
rate of the parts.
Gunji et al [16] proposed the Hybrid Cuckoo Bat
Algorithm (HCBA) to generate optimal assembly sequences. In the proposed algorithm, cuckoo and bat algorithms
are combined to form a hybrid algorithm. Hula et al [17]
worked on various decision making support systems to
generate disassembly sequences. The authors found that
proper disassembly sequences will have less impact on the
environment and create more proﬁt.
Kuo et al [18] present a graph-based heuristic approach
to generate optimal disassembly sequences. In the proposed
methodology, the relation information between the components is used to develop a component-fastener graph to
generate optimal disassembly sequences.
Huang et al [19] develop a neural-network-based
approach to solve disassembly sequence generation problems as traditional algorithms invest a lot of time to generate the optimal disassembly sequences. This approach is
applied to different case studies of industrial products to
generate optimal assembly sequences. Shimizu et al [20]
use java programming to develop genetic programming to
generate optimal disassembly sequences. In this method, at
the design stage of the product life cycle itself, the authors
introduced the concept of recycling of the part to generate
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optimal disassembly sequences. Ilgin et al [21] used
MCDM (decision making in multiple criteria) approach in
manufacturing to evaluate the economic and environmental
effect by the EOL of the parts.
Tian et al [22] apply hybrid fuzzy logic and artiﬁcial bee
colony algorithm to generate optimal DSP using component
quality and variation in operation cost as a ﬁtness equation.
In this paper, the authors used the AND/OR graph to generate precedence details of the assembly. As the algorithm
generates precedence details from the AND/OR graph it
takes a lot of time, and it is tedious for the more-part
assembly.
Meng et al [23] proposed an algorithm for ﬁnding a
feasible solution for EOL problems, precisely disassembly,
using improved co-evolutionary algorithm (ICA). Based on
this method, the quality of EOL components is estimated to
generate optimal disassembly sequences.
Rickli and Camelio [24] developed a mathematical
framework to evaluate the disassembly sequences based on
proﬁt probability and proﬁt standard deviation (SD). This
method addresses the impact of EOL parts on the environment while generating the optimal disassembly
sequences. Tseng et al [25] proposed a new blockchain GA
to solve DSP problems. In this method, a disassembly
priority precedence relationship graph is developed to
generate the feasible sequences; later, GA is applied to
generate optimal solutions.
Kheder et al [26] applied an ant colony algorithm to
generate optimal disassembly sequences from the CAD
part. Moreover, the authors compare the proposed algorithm to the GA. The authors considered different input
parameters like part volume, tool change, disassembly
directions and the maintainability of wearing part. The
proposed algorithm depends on pheromone updating during
execution, which affects the solution accuracy and sometimes may result in a local optima solution.
Issaoui et al [27] developed a simulation support software that would simulate the entire disassembly sequence
and provide the optimal sequences for a mechanical product. The developed software is evaluated with many case
studies to test the performance of the software in generating
the optimal disassembly sequences.
Zhou et al [28] carried a comparative study by applying
different methods to generate optimal disassembly
sequences. By this comparative study, characteristics are
summarized and research gaps are presented to reviewers to
gain knowledge on DSP problem.
Wang [29] developed a virtual reality (VR) approach
called 3D geometric removability analysis to generate
optimal disassembly sequences. This VR environment is
used to analyse the strategies of disassembly using
PYTHON, which is a new technological advancement and
the modern solution for proﬁt maximization.
Vyas et al [30] develop a system that is integrated with
the assembly CAD ﬁles to generate optimal disassembly
sequences. Moreover, this methodology also provides the
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information regarding the mechanical and physical
properties of the parts that are going to be manufactured.
Deepak et al [31] proposed the subassembly detection
concept based on contact information to generate optimal
disassembly sequences. In this approach, to generate optimal disassembly sequences, the CO2 saving rate, recycle
rate and material recovery value are considered as input
parameters. As this method uses contact data information to
generate the subassemblies, it takes more time to generate
optimal disassembly sequences because obtaining the
optimal disassembly sequences from the possible number
of sequences requires more search space.
Keeping this literature in view, in this paper, a new
stability graph cut-set method is developed to generate
optimal disassembly sequences for the considered product.
Moreover, a sustainable tool is applied to know the type of
disposal that the manufacturer can follow for disposal of the
parts after EOL of the product.

Figure 1. Representation of the stability concept between the
parts.

3. Proposed methodology
A punching machine assembly is selected for demonstrating the developed method for generating the optimal disassembly sequences. Based on the obtained disassembly
sequence the product has to be dismantled, and proper
disposal of the parts should be carried out using a sustainable tool.
As in this research, generating the disassembly is the
reverse of the assembly, to obtain optimal assembly
sequences a ﬁtness equation is formulated by considering
the directional changes, as shown in Eq. (1):
n
X

ðDCi Þmin

ð1Þ

i¼1

where n is number of parts in the product and DC is number
of directional changes for the particular sequence.
In the developed methodology, initially, a stability graph
is drawn indicating the type of stability shown in table 2
between the parts. Before proceeding to the types of stabilities, stability is deﬁned as when a normal line towards
negative z is drawn from the centre of the gravity of the
part, which is resting on the other part, the line should
intersect the mating surfaces of the part. The concept of
stability is explained clearly in ﬁgure 1.
Based on the type of contact between the parts, stability
is classiﬁed as partial stability and permanent stability. The
list of types of contact and the related stability with the
weightage is given in table 2.
The proposed stability graph cut-set method is presented
in ﬁgure 2 in detail to obtain the optimal disassembly
sequences. In this method, initially clash between the parts
has to be checked for the product to generate optimal disassembly sequences in any CAD environment. After
checking the clash, based on the data obtained, stability

Figure 2. Flowchart of the proposed stability graph cut-set
method.

graph has to be drawn, and the cut-set method is applied to
generate the subassemblies. Feasibility has to be checked to
generate the optimal disassembly sequences.
The SOLIDWORKS model of punching machine is
shown in ﬁgure 3, and the bill of material is presented with
the part number in table 1.
Table 2 presents the different types of contacts with the
type of stability assigned and the different weights to
identify the type of stability between the parts of the
assembly.
Based on the type of contact between parts of the
punching machine assembly, stability graph is developed as
shown in ﬁgure 4. The cut-set method is applied to a stability graph to identify the subassemblies of the product. To
develop the stability graph, contact information between
the parts is necessary. To obtain the contact information
automatically, CATIA V5 R 17 is used with the developed
MACROS for the considered product [32].
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The matrix provides information about the contact
relation between the parts of the punching machine product.
In the matrix, ‘1’ represents connection between the parts
and ‘0’ represents no connection between the parts.

21

Connection matrix
1
2
3
4
5
6
7
8
9
10
11

21 2 3
0 1 0
61 0 1
6
60 1 0
6
60 1 0
6
60 0 1
6
60 0 0
6
60 0 0
6
60 0 0
6
60 0 0
6
40 0 0
0 0 0

4 5 6 7
0 0 0 0
1 0 0 0
0 1 0 0
0 0 0 0
0 0 1 1
0 0 0 1
0 1 1 0
0 0 1 1
0 0 1 0
1 0 0 0
0 0 0 0

8 9 10
0 0 0
0 0 0
0 0 0
0 0 1
0 0 0
1 1 0
1 0 0
0 1 1
1 0 0
1 0 0
0 0 0

113
0
07
7
07
7
07
7
07
7
07
7
07
7
07
7
07
7
05
0

3.1 Generating subassemblies using stability graph
cut-set method
As the disassembly is the reverse of assembly, in this
context, initially optimal assembly sequences are achieved;
later the reverse of the sequence is used to disassemble
parts of the product. A graphical ﬁgure demonstrating a
sequential assembly is required to ﬁgure out the subassemblies. Apply the cut-set rules to the stability graph
and generate subassembly. The rules of the stability graph
cut-set method are as follows.
Rule-1
Figure 3. SOLIDWORKS model of punching machine.

Rule-2

Cut section for the stability graph is drawn at the
nodes that have a minimum of two connectors
Eliminate the sequence without any weightage
based on stability weightage

Table 1. Bill of material for punching machine.
Part no.
a
b
c
d
e
f
g
h
i
j
k

Part name
Press base
Die holder
Die
Guide pins
Side spring pin
Punch
Punch bush
Punch holder
Big bush
Punch holder bush
Stripper plate

Material

Qty.

AISI 321 annealed stainless steel
AISI 321 annealed stainless steel
AISI 321 annealed stainless steel
DIN steel (alloyed) 17CrS3
AISI. 316L stainless steel
DIN steel (alloyed) 17CrS3
DIN steel (stainless steel) X20Cr13
DIN steel (alloyed) 17CrS3
DIN steel (stainless steel) X20Cr13
DIN steel (stainless steel) X20Cr13
AISI. 316L stainless steel

1
1
1
4
2
1
2
1
1
4
1

Table 2. Type of contact, stability and weightage.
Contact
Moving contact between the parts
Zero motion contact
Fixed contact

Type of stability
Partial stability
Permanent stability
Permanent stability

Weightage
1
2
3
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Figure 4. Graphical representation of SOLIDWORKS model
(punching machine).
information of the assembly,
connection between the parts,
tage between the parts

: ‘Node’ represents the part
: ‘Connector’ represents the
represents the weigh-

Based on these rules, stable subassembly sequences are
generated by eliminating no-weight subassemblies based on
stability graph weights. After obtaining the subassemblies,
to generate optimal assembly sequences, the directional
feasibility of the individual parts for the assembly has to be
checked with the other parts. This can be achieved by
collecting the directional feasibility data information. As
the assembly is carried out along six principal axes
(x; y; z), in six directions, feasibility data is necessary
to assemble the parts without any interference during the
assembly.
Directional feasibility means whether the part can be
disassembled in the presence of other parts in any direction
along the six principle axes (±x, ±y, ±z). The directional
feasibility matrices are generated using CATIA V5 R17 to
check the feasibility of parts during joining [32]. For the
punching machine assembly, to know the feasible direction
of the parts to disassemble, ‘-z’ direction feasibility
information is considered. As all the parts of the punching
machine can be disassembled along the ‘-z’ direction, ‘-z’
directional feasibility information is sufﬁcient to obtain the
optimal disassembly sequences. For the products that are to
be disassembled in other than ‘z’ direction, ‘x’ and ‘y’
directional feasibility matrices can be used. The extraction
of these matrices is shown in reference [32].
-z direction feasibility data

In this matrix, ‘1’ represents the feasibility to disassemble
the part in the presence of other parts and ‘-1’ represents
the interference that exists between the parts during the
disassembly. In this context, top–down disassembly is followed to dismantle the parts of the product. Hence, -z
direction feasibility is sufﬁcient to generate the optimal
solution. By applying the cut-set rule to the stability graph at
the nodes having two or more connections the following
subassemblies are generated, which are explained in the
following sections.
3.1a Subassemblies with node b: A subassembly set for
node ‘b’ is represented in ﬁgure 5, and the set of subassembly sequences with the feasibility test using directional feasibility data is shown in table 3.
From Table 3 the subassembly set ‘b–c–d–a’ qualiﬁes
the feasibility test, which will be carried forward to generate higher set subassemblies.
3.1b Subassemblies with node c: A subassembly set ‘c’ is
shown in ﬁgure 6 and the list of possible subassemblies
generated along with the feasibility test is presented in
table 4.
From Table 4 the subassembly set ‘c–e–k–b’ qualiﬁes
the feasibility test, which will be carried forward to generate higher set subassemblies.
3.1c Subassemblies with node d: A subassembly set for
node ‘d’ is represented in ﬁgure 7, and the set of subassembly sequences with the feasibility test using directional feasibility data is shown in table 5.

Figure 5. Subassembly for node b.
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Table 3. Possible subassemblies for b.
Subassemblies for b
Set-1

21

Table 5. Possible subassemblies for node d.
Feasibility test

b–a–d–c
b–a–c–d
b–d–c–a
b–d–a–c
b–c–a–d
b–c–d–a

Fail
Fail
Fail
Fail
Fail
Pass

Subassemblies for d
Set-3

Feasibility test

d–j–b
d–b–j

Pass
Fail

Figure 8. Subassembly for node e.

Figure 6. Subassembly for node c.

Table 4. Subassembly for node c.
Subassemblies for c
Set-2

Feasibility test

c–b–e–k
c–b–k–e
c–k–b–e
c–k–e–b
c–e–b–k
c–e–k–b

Fail
Fail
Fail
Fail
Fail
Pass

Figure 7. Subassembly for node d.

From table 5 the subassembly set ‘d–b–j’ qualiﬁes the
feasibility test, which will be carried forward to generate
higher set subassemblies.
3.1d Subassemblies with node e: A subassembly set for
node ‘e’ is represented in ﬁgure 8, and the set of subassembly sequences with the feasibility test using directional feasibility data is shown in Table 6.

From table 6 the subassembly set ‘e–g–c’ qualiﬁes the
feasibility test, which will be carried forward to generate
higher set subassemblies.
3.1e Subassemblies with node f: A subassembly set for
node ‘f’ is represented in ﬁgure 9, and the set of subassembly sequences with the feasibility test using directional feasibility data is shown in table 7.
From table 7 the subassembly set ‘f–g–i’ qualiﬁes the
feasibility test, which will be carried forward to generate
higher set subassemblies.
3.1f Subassemblies with node g: A subassembly set for
node ‘g’ is represented in ﬁgure 10, and the set of subassembly sequences with the feasibility test using directional feasibility data is shown in table 8.
From table 8 the subassembly set ‘g–e–f’ qualiﬁes the
feasibility test, which will be carried forward to generate
higher set subassemblies.
3.1g Subassemblies with node H: A subassembly set for
node ‘h’ is represented in ﬁgure 11, and the set of subassembly sequences with the feasibility test using directional feasibility data is shown in table 9.
From table 9 the subassembly set ‘h–i–j’ qualiﬁes the
feasibility test, which will be carried forward to generate
higher set subassemblies.
3.1h Subassemblies with node i: A subassembly set for
node ‘i’ is represented in ﬁgure 12, and the set of subassembly sequences with the feasibility test using directional feasibility data is shown in Table 10.
From table 10 the subassembly set ‘i–h–f’ qualiﬁes the
feasibility test, which will be carried forward to generate
higher set subassemblies.
3.1i Subassemblies with node j: A subassembly set for
node ‘j’ is represented in ﬁgure 13, and the set of subassembly sequences with the feasibility test using directional feasibility data is shown in table 11.
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Table 6. Possible subassemblies for node e.
Subassembly for e
Set-4

Feasibility test

e–g–c
e–c–g

Pass
Fail
Figure 11. Subassembly for node h.

Table 9. Possible subassemblies for node f.
Subassembly for h
Set-7

Feasibility test

h–j–i
h–i–j

Fail
Pass

Figure 9. Subassembly for node f.

Table 7. Possible subassemblies for node f.
Subassembly for f
Set-5

Feasibility test

f–i–g
f–g–i

Fail
Pass

Figure 12. Subassembly for node i.

Table 10. Possible subassemblies for node i.
Subassembly for h
Set-8

Feasibility test

i–h–f
i–f–h

Pass
Fail

Figure 10. Subassembly for node g.

Table 8. Possible subassemblies for node f.
Subassembly for f
Set-6

g–f–e
g–e–f

Feasibility test
Pass
Fail

From table 11 the subassembly set ‘j–h–d’ qualiﬁes the
feasibility test, which will be carried forward to generate
higher set subassemblies. Based on the qualiﬁed subassembly sets using a number of directional changes as
ﬁtness equation, shown in equation (1), optimal assembly
sequences are generated, as shown in table 12.
The graph shown in ﬁgure 14 is plotted between the
number of iterations and ﬁtness value during the execution

Figure 13. Subassembly for node j.

of the algorithm for 500 iterations with a population size of
20 to obtain the optimal assembly sequences. From the
graph, after 242 iterations, the ﬁtness value is converged to
‘0’ and the optimal sequence obtained is ‘1’.
3.1j Disassembly strategy: In this section, the obtained
optimal assembly sequence from the stability graph cut-set
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Table 11. Possible subassemblies for node j.
Subassembly for j
Set-9

j–d–h
j–h–d

Table 13. Optimal disassembly sequence.
Feasibility test
Fail
Pass

Table 12. Optimal assembly sequence.
Assembly
sequence number
1

Optimal assembly
sequence
a–b–c–k–e–f–g–d–h–i–j

21

Number of
directional changes
0

Disassembly
sequence number
1

Optimal disassembly
sequence
j–i–h–d–g–f–e–k–c–b–a

Number of
directional changes
0

of the number of iterations, optimal disassembly sequences
obtained and the number of directional changes is shown in
table 14.
A comparative graph is plotted of the proposed
methodology, GA and ACO as shown in ﬁgure 15 for the
performance analysis of the developed algorithm.
From the graph the proposed algorithm takes 242 iterations to obtain the optimal solution, whereas GA and ACO
take 420 and 432, respectively, to obtain the optimal
sequences. Moreover, by the developed algorithm, ﬁtness
obtained is the minimum compared with the other two
algorithms.

4. Results and discussion

Figure 14. The graph of iterations vs ﬁtness value.

method is used to generate optimal disassembly sequence.
As in the proposed methodology, disassembly is considered
as the reverse of the assembly so, the reverse of the
obtained optimal assembly sequence is considered as
optimal disassembly sequence, which is shown in table 13.
3.1k Comparative study of the proposed method: The
proposed stability graph cut-set method is compared with
the well-known algorithms like GA and ACO algorithm to
know the performance of the developed algorithm. GA is
run for 500 iterations with a population size of 20 for the
ﬁtness equation stated in Eq. (1). The ﬁtness value obtained
was ‘1’ after 420 iterations with one optimal disassembly
sequence for the cross over as 0.82 probability and 0.2
mutation probability.
In the same way, the ACO algorithm was run for 500
iterations for the ﬁtness equation stated in Eq. (2) and the
ﬁtness value obtained is ‘1’ after 432 iterations with one
optimal disassembly sequence. In ACO, the tuning
parameters used to generate optimal disassembly sequences
are pheromone evaporation-0.3, pheromone decomposition0.1, the relative importance of pheromone-0.6, and initial
pheromone trail-1. The comparative study of the proposed
stability graph cut-set method with GA and ACO in terms

In this section, each part of the product is analysed for the
type of disposal that has to follow after EOL of the product.
To analyse the type of disposal of the part, SOLIDWORKS
sustainable tool version 2017 is used by considering
parameters like type of materials used, place of manufacturing the parts and the geographical use of parts.
These parameters are used to estimate the CO2 release
from the part, energy expenditure, atmosphere acidiﬁcation
and hypertrophication of water, which in turn helps to
assess the type of disposal percentage. Table 15 presents
the amount of CO2 released, energy utilization, acidiﬁcation of the atmosphere (amount of SO2 released to the
atmosphere after EOL) and hypertrophication of water
(amount of PO4 released after EOL) for the product after 30
years of working period.

4.1 Estimated percentage of disposal type for part
a
The press base part shown in ﬁgure 16 is made of stainless
steel and the usage part location is considered as India to
estimate the type of disposal percentage after EOL of the
product, shown in table 16.
To explain the generation of disposal percentage after
EOL of the parts, the press base part shown in ﬁgure 16 is
considered. The SOLIDWORKS sustainable tool is used to
generate the disposal percentage based on the feed input
parameters like material type, type of manufacturing process, manufacturing place and use of the product as shown
in ﬁgure 17.
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Table 14. Comparative study of the algorithms.
Algorithm

Optimal disassembly sequences

Stability graph cut-set method
GA
ACO

Number of directional changes

Number of iterations

0
1
1

242
420
432

j–i–h–d–g–f–e–k–c–b–a
j–i–h–d–g–f–e–k–c–a–b
j–i–h–d–g–f–e–k–c–a–b

Figure 16. Solidworks model for press base.

Figure 15. Comparative study graph.

Table 16. Type of disposal percentage after EOL.

4.2 Estimated percentage of disposal type for part
b
The die holder part shown in ﬁgure 18 is made of stainless
steel and the usage part location is considered as India to
estimate the type of disposal percentage after EOL of the
product, shown in table 17.

4.3 Estimated percentage of disposal type for part
c
The die part shown in ﬁgure 19 is made of stainless steel
and the usage part location is considered as India to estimate the type of disposal percentage after EOL of the
product, shown in table 18.

4.4 Estimated percentage of disposal type for part
d
Guide pins parts shown in ﬁgure 20 are made of stainless
steel, and the usage parts location are considered as India to

End of Life

Recycle

Incinerated

Landﬁll

8%

19.5%

72.5%

estimate the type of disposal percentage after EOL of the
product, shown in table 19.

4.5 Estimated percentage of disposal type for part
e
Side Spring pins parts shown in ﬁgure 21 are made of
stainless steel, and the usage parts location are considered
as India to estimate the type of disposal percentage after
EOL of the product, shown in table 20.

4.6 Estimated percentage of disposal type for part
f
The punch part shown in ﬁgure 22 is made of stainless steel
and the usage part location is considered as India to estimate the type of disposal percentage after EOL of the
product, shown in table 21.

Table 15. Sustainability inspection for full assembly.

Material
Manufacturing
Use/location

The measure of CO2 released
(kg CO2)

Expenditure of
energy (MJ)

678
372
0

7200
4080
0

Acidiﬁcation of atmosphere
(kg SO2)
2.19
4.08
0

Hypertrophication of water
(kg PO4)
1.74
0.201
0
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Figure 19. Solidworks model for die.

Table 18. Type of disposal percentage after EOL.

End of Life

Recycle

Incinerated

Landﬁll

29.85%

13.82%

56.33%

India to estimate the type of disposal percentage after EOL
of the product, shown in table 22.

4.8 Estimated percentage of disposal type for part
h

Figure 17. Estimating the disposal percentage using the sustainable tool.

The punch holder part shown in ﬁgure 24 is made of
stainless steel, and the usage part location is considered as
India to estimate the type of disposal percentage after EOL
of the product, shown in table 23.

4.9 Estimated percentage of disposal type for part
i
The big bush part shown in ﬁgure 25 is made of stainless
steel, and the usage part location is considered as India to
estimate the type of disposal percentage after EOL of the
product, shown in table 24.
Figure 18. SOLIDWORKS model for die holder.

Table 17. Type of disposal percentage after EOL.

End of Life

Recycle

Incinerated

Landﬁll

22.41%

15.75%

61.83%

4.10 Estimated percentage of disposal type
for part j
Punch holder bush parts shown in ﬁgure 26 are made of
stainless steel, and the usage parts location are considered
as India to estimate the type of disposal percentage after
EOL of the product, shown in table 25.

4.11 Estimated percentage of disposal type
for part k
4.7 Estimated percentage of disposal type for part
g
The punch bush parts shown in ﬁgure 23 are made of
stainless steel and the usage parts location is considered as

The stripper plate part shown in ﬁgure 27 is made of
stainless steel and the usage part location is considered as
India to estimate the type of disposal percentage after EOL
of the product, shown in table 26.
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Table 21. Type of disposal percentage after EOL.

End of Life

Recycle

Incinerated

Landﬁll

8.06%

19.48%

72.46%

Figure 20. SOLIDWORKS model for guide pins.

Table 19. Type of disposal percentage after EOL.

End of Life

Recycle

Incinerated

Landﬁll

22.41%

15.75%

61.83%

Figure 23. SOLIDWORKS model for punch bush

Table 22. Type of disposal percentage after EOL.

End of Life

Recycle

Incinerated

Landﬁll

8.06%

19.48%

72.46%

Figure 21. SOLIDWORKS model of side spring pin.
Figure 24. SOLIDWORKS model for punch holder.

Table 20. Type of disposal percentage after EOL.
Table 23. Type of disposal percentage after EOL.
End of Life

Recycle

Incinerated

Landﬁll

29.85%

13.82%

56.33%
End of Life

Figure 22. SOLIDWORKS model for punch.

The sustainable tool is used to estimate the type of
disposal percentage by considering the EOL period as 30
years for the punching machine product. The list for the
type of disposal percentage for the individual parts is shown

Recycle

Incinerated

Landﬁll

8%

19.5%

72.5%

in table 26. Based on this information, the manufacturing
companies can know the type of disposal percentage of the
parts by which they can choose the appropriate disposal
method to save the cost and environment.
From table 27, the best option to dispose of the parts is a
landﬁll. Apart from this option some of the parts like press
base, die holder, die, guide pins, side spring and stripper
plate show better percentage for recycling, which the
manufacturer can choose to save material based on the
considered input parameters like type of material used to
manufacture the part, place where the product is used and
the place where it is manufactured. Based on these
parameters, CO2 release, acidiﬁcation of the atmosphere,
hypertrophication of water and energy utilized are

Sådhanå (2021)46:21
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Table 26. Type of disposal percentage after EOL.

End of Life

Recycle

Incinerated

Landﬁll

29.85%

13.82%

56.33%

Table 27. Disposal of individual parts after EOL.
Part name
Figure 25. SOLIDWORKS model for big bush.

Table 24. End of Life depiction as per the method of disposal for
subassembly i.

End of Life

Recycle

Incinerated

Landﬁll

8%

19.5%

72.5%

Recycle (%) Incinerated (%) Landﬁll (%)

Press base
Die holder
Die
Guide pins
Side spring pin
Punch
Punch bush
Punch holder
Big bush
Punch holder bush
Stripper plate

22.41
22.41
29.85
22.41
29.85
8.06
8.06
8
8
8
29.85

15.75
15.75
13.82
15.75
13.82
19.48
19.48
19.5
19.5
19.5
13.82

61.83
61.83
56.33
61.83
56.33
72.46
72.46
72.5
72.5
72.5
56.33

5. Conclusion

Figure 26. Solidworks model for punch holder bushes.

Table 25. Type of disposal percentage after EOL.

End of Life

Recycle

Incinerated

Landﬁll

8%

19.5%

72.5%

In this research work, to generate optimal disassembly
sequences, a stability graph cut set is used. Initially, using this
method, optimal assembly sequences will be generated by
considering the directional changes as a ﬁtness equation.
Later by the following disassembly as the reverse of assembly strategy, optimal disassembly sequences are obtained.
Moreover, in this research work, along with the generation
of optimal disassembly sequences, the type of disposal percentage is estimated for the parts after EOL of the product by
considering 30 years as life span for the product.
Disposal percentage is estimated using the SOLIDWORKS sustainable tool by calculating the CO2 release,
energy used, acidiﬁcation of the atmosphere due to the part
and hypertrophication of water by the part.
By the obtained results, landﬁll is the best option to
dispose of the parts after the EOL of the product. Apart
from this option some of the parts like press base, die
holder, die, guide pins, side spring and stripper plate show a
better percentage for recycling, which the manufacturer can
choose to save material.
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