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Abstract

Disassembly of end-of-life (EOL) products is an essential step in remanufac-

turing and recycling. Automating the disassembly of EOL products requires

a capability for automatic sequence planning. Previous studies on automatic

disassembly planning have tended to assume that the interference conditions of

components are fixed and known. However, they can be very uncertain due to

deformation, corrosion and rust. To deal with uncertain interference conditions,

this paper proposes an interference probability matrix to represent the true in-

terference condition of a product in an online manner; and furthermore, estab-

lishes a multi-threshold scheme to generate the optimal disassembly sequence.

Experimental results shows the multi-threshold planning with interference prob-

ability matrix is able to improve the average success rate of disassembly plans by

50%; reduce their average disassembly time by 24%; and increase the returned

value by as much as 16%, in comparison with the existing planning schemes.
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1. Introduction

Automated disassembly [1] is an enabler of autonomous remanufacturing [2].

It determines the efficiency of extracting high-value components from end-of-life

(EOL) products. Identifying an optimal sequence plan that can offer the highest

profit, reliability and efficiency is a key step of automated disassembly [3].

Much research has been carried out on disassembly sequence planning [4,

5, 6]. It requires using a mathematical representation to describe the spatial

relationships of a product’s components. Popular representations include the

interference matrix (IM) and the AND/OR graph. A disassembly plan usually

assumes that all components of a product are removable. The disassembly time

to remove a component is either defined as a constant [7], or modeled by a

random distribution [8] or a fuzzy system [9].

To refine the mathematical representations so as to reflect the conditions

of EOL products, researchers have considered task failures [10] and EOL state

probability [11]. Disassembly sequence planning identifies not only the disas-

sembly sequence, but also the direction of every disassembly step and suitable

destructive or backup strategies in the event of failures [12, 11]. Many re-

searchers have recognized that the deformation of components is a major source

of failures. Hence, computer vision has been introduced to assess the condition

of EOL products [13, 14]. An online planner was also established to calculate

the disassembly order of visible components with an aim of minimizing failure

probability.

In practice, the interference condition of EOL products can be very complex

and difficult to assess using visual tools (e.g. jammed parts with a small clear-

ance). In many ways, a mathematical representation (e.g. a matrix or a graph)

that uses fixed numerical or graphical symbols to present different interference

conditions does not reflect uncertainties in interference. It is worth noting that

the removability of a component relies on the deformation of not only itself but

also of its neighboring components. For example, an enlarged component can

introduce interference to others, while a broken component may no longer hin-
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der the removal of its neighboring components. As a result, the sequence plan

generated by mathematical representations using fixed interference conditions

is often unfeasible or easily fails due to incorrect interference information.

To incorporate uncertain interference information in disassembly sequence

planning, this paper defines an interference probability matrix (IPM) consid-

ering different component deformation types, and proposes a multi-threshold

sequence planning scheme to calculate sequence plans, with an aim to maximize

profit, time efficiency, and reliability.

The proposed disassembly planning using an IPM has three stages.

First, the IPM records the average interference between two components

under possible EOL conditions (i.e. normal condition and three deformation

types).

Second, a multi-threshold sequence planning scheme is established on the

basis of an evolutionary computing process. The IPM is rounded to an IM,

namely a Rounding IM (RIM), which uses binary values to indicate interference

conditions. The two-point detection strategy [15] is then employed to iden-

tify removable components and subassemblies. Subsequently, an evolutionary

algorithm can be adopted to find feasible sequence plans.

Third, the solutions calculated under different thresholds are compared to

obtain those with the highest profit, efficiency and reliability.

Three case studies are given to verify the solutions based on the IPM. Exper-

imental results demonstrate that the use of an IPM allows the representations

of uncertainties in interference conditions. The proposed multi-threshold se-

quence planning scheme is also proved to be efficient in identifying solutions

under uncertain interference.

This paper defines a number of notations and terms. They are listed in

Tables ?? and 4.

The rest of this paper is organized as follows. Section 2 gives a brief overview

of the related works on disassembly sequence planning. Section 3 defines the

IPM with three types of component deformations, and gives a simple strategy

to online update the IPM. Section 4 specifies the mathematical model of the
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disassembly sequence planning under uncertain interference and provide the

multi-threshold planning scheme. Experimental results are shown and discussed

in Section 5. Conclusions are drawn in Section 6.

2. Related Works

This section briefly summarizes the state-of-the-art research on disassembly

sequence planning.

2.1. Product Representation

A product’s mathematical representation gives the interference or liaison

relationship between components.

The most popular representations for disassembly sequence planning are ma-

trix representations and graph representations. Typical matrix representations

include IM [16], disassembly precedence matrix [17, 18], and immediate preceded

matrix [19]. The IM represents whether components impede one another along

multiple directions [20]; while the immediate preceded matrix indicates whether

a disassembly operation should be executed before another. The immediate

preceded matrix is usually built manually, based on a group of fixed disassem-

bly operations. The IM has the potential to be generated automatically from

a CAD model. In addition, the disassembly precedence matrix distinguishes

fasteners from components, and uses more than one matrix to indicate liaison

and motion constraints.

Typical graph representations include the task precedence diagram [21],

AND/OR graph [22], the transformed AND/OR graph [23], and disassembly

constraint graph [24]. The task precedence diagram is a graph form of the

immediate preceded matrix. The AND/OR graph can be deduced from the

IM. The transformed AND/OR graph uses two types of nodes, artificial nodes

and normal nodes, to describe all disassembly components and operations. The

disassembly constraint graph uses lines and nodes to represent disassembly op-

erations and components, respectively.
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Table 1: The notations of this paper

Notation Description

n Number of a product’s components

D Number of disassembly directions

I Interference matrix

Iij = [Iij1, · · · , IijD] An element of I, which is a binary number indicating

whether component j impedes component i along D

directions

S Candidate set (which has multiple layers, i.e. sub-

sets, and is used to generate disassembly sequence

plans)

H Number of layers in S

Sh The hth layer (ie. subset) of S

Ei An element of S (a component or subassembly)

di The list giving Ei’s available disassembly directions

b = {b1, · · · , bH−1} The list recording the endpoints of each layer in S

ui A binary number to indicate whether Ei is a compo-

nent. ui = 1 indicates Ei is a component, otherwise,

it is 0.

p(l) = {p(l)1 , · · · , p(l)n } Deformation probability matrix (which defines the

probabilities that the n components are deformed in

type l

Pi The overall deformation probability of component i

I(l) Estimated interference matrix in terms of compo-

nents being deformed in type l

I
(l)
ij = [I

(l)
ij1, · · · , I

(l)
ijD] An element of I(l) (indicating the probability of com-

ponent j impeding component i along the dth direc-

tions if component j is deformed in type l)
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Some representations incorporate both matrices and graphs. For example, a

disassembly hybrid graph model [25] represents contact relationships and prece-

dence relationships using lines and nodes, and can be transformed to a contact

matrix and a precedence matrix. Similarly, a disassembly petri net [26] contains

components’ spatial information and disassembly operations, as well as econom-

ical information such as costs and values. It can be transformed to a precedence

matrix and a cause-and-effect matrix.

2.2. Representations of Uncertainties in Product Conditions

Uncertainties in disassembly have been reported and a major topic is the

uncertainty in disassembly time. A method to incorporate this type of uncer-

tainty in a mathematical representation is to use a distribution in a specific

range [27, 28, 29]. Alternatively, disassembly time can be viewed as a variable

requiring visual assessment [30, 31, 32].

To incorporate more uncertainties from different aspects, an uncertainty in-

formation model and degradation information model were designed to represent

the component function uncertainty and disassembly operation uncertainty as

a predictive priori [33]. Based on the two models, a layered disassembly infor-

mation model was proposed to enable adaptive disassembly planning [34]. It

integrates the estimated reuse value of a component and a priori conditional

probability table to identify the suitable disassembly operation in every disas-

sembly step. Visual detection was also introduced to identify visible components

and plan sequences online [13]. Geometric uncertainties in product conditions

can be obtained by measurements to evaluate the difficulty of disassembly and

possible recovery strategies.

2.3. Typical Optimization Methods

Disassembly sequence planning determines a sequence of components and

subassemblies, the directions of disassembly, and the required disassembly tools.

The objectives of disassembly can relate to time, cost, recovery value, energy

consumption and environmental impact. The most commonly used optimization
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methods are single-objective evolutionary algorithms (EAs) and multi-objective

evolutionary algorithms (MOEAs). Various kinds of bees algorithms, genetic

algorithms, and memetic algorithms have been applied.

Since population-based evolution can be time-consuming in dynamic plan-

ning and re-planning, heuristics with less iterations were proposed.

Nevertheless, a majority of previous research did not consider disassembly

failure in the case of uncertain product conditions. Uncertainties in EOL inter-

ference conditions are common but have not been studied to the knowledge of

the authors. Should the product condition change or the disassembly objectives

vary, the existing methods are no longer useful.

In summary, the existing research on automated disassembly sequence plan-

ning cannot deal with interference uncertainties in disassembly planning prob-

lems. Currently, few mathematical tools can represent the uncertain interference

of EOL products. If the interference condition is different, the corresponding

product representation should be re-established manually using priori informa-

tion. When uncertain interference is not considered in planning, the generated

sequence is unlikely to be feasible.

3. Interference Probability Matrix

A major cause of change to interference is component deformation. This

section defines the interference probability matrix by incorporating three types

of component deformation.

3.1. Preliminaries

The IM of a product having n-components can be defined as in Eq. (1) [16].

I =


0 I12 · · · I1n

I21 0 · · · I2n

...
...

. . .
...

In1 In2 · · · 0

 , (1)
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where Iij = [Iij1, Iij2, · · · , IijD] is a binary vector to represent whether compo-

nent j impedes component i along D directions.

An IM is used to identify removable components with precedence constraints.

A component i can be disassembled if any other component does not interfere

with it in a specific direction, as in Eq. (2).

∃d ∈ [1, D],∀j ∈ [1, n], Iijd = 0. (2)

The bitwise OR operator was introduced to the IM to detect removable

components [16]. The intention is to check each component i ∈ [1, n] along the

direction d ∈ [1, D] using Eq. (3). The principles and procedures of using an

IM have been elaborated in [16].

n∨
j=1

Iijd = 0. (3)

Basically, the use of an IM checks the removability of components in in-

teractions. The detected components in every iteration can be removed. This

step-by-step process can be viewed as a structure that has multiple layers; the

detected components in every step can be grouped and viewed as a ’layer’ of the

structure. The OR detecting process can produce multiple layers of candidates

until all components are eliminated from the IM. These layers then formulates

a layered candidate set to be disassembled. Accordingly, the layered candidate

set S can be defined by Eq. (4) [15].

S ={S1|S2| · · · |SH}

={E1 ◦ d1, · · · , Eb1 ◦ db1 |Eb1+1 ◦ db1+1, · · · , Eb2 ◦ db2 |

· · ·EbH−1+1 ◦ dbH−1+1, · · · , En ◦ dn}.

(4)

where S1 to SH represents the first layer to the lth layer; H defines the number

of layers in this set; Ei, i ∈ [1, n] represents a component; while di represents

the directions from which the component can be removed. A boundary list

b = {b1, b2, · · · , bH−1} is introduced to record the endpoint of each layer. A
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layer Si = {Ebi+1 ◦dbi+1, · · · , EbI+1
◦dbI+1

}, i ∈ [1, H−1] contains bi+1−bi+1

components to be disassembled.

As the components in each layer do not interfere with one another, their

orders of disassembly are swappable. On the contrary, the components in a layer

Si can be disassembled only if those in the previous layer Si−1 are all removed.

Therefore, the disassembly orders of the components that are in different layers

are not swappable.

It is possible that no removable components are detected in a layer. When

multiple components interfere with each other, they form an interlocked sub-

assembly. The components can be released only if the subassembly is disas-

sembled first. The OR operator is unable to check such subassemblies when a

component interlock happens. The authors have proposed a two-point detec-

tion strategy in [15] to check removable components and subassemblies, which

are uniformly termed as candidate elements. A layered candidate set including

both components and subassemblies can be obtained from the IM, as shown in

Eq. (5).

S ={S1|S2| · · · |SH}

={E1 ◦ u1 ◦ d1, · · · , Eb1 ◦ ub1 ◦ db1 |

Eb1+1 ◦ ub1+1 ◦ db1+1, · · · , Eb2 ◦ ub2 ◦ db2 | · · ·

EbH−1+1 ◦ ubH−1+1 ◦ dbH−1+1, · · · ,

Em ◦ um ◦ dm}.

(5)

Different to Eq. (4), the layered candidate set obtained by the two-point

detection strategy contains m elements. If there is no subassembly, the number

of layers equals to the number of components, i.e. m = n. Otherwise, m > n.

Ei can be either a component or a subassembly. To distinguish the two types,

a binary label ui is used to define every element; ui = 1 or ui = 0 indicates that

Ei is a component or a subassembly, respectively.

The IM determines the structure of the layered candidate components and

subassemblies, i.e. their precedence relationships. If different EOL products
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have different component interference relationships, the IM should reflect these

differences so that layered candidate sets can be generated.

3.2. Interference Probability Matrix

Component deformation can be categorized into three types, enlargement,

contraction, and bonding, as shown in Table 5. Each type corresponds to a

deformation probability matrix (DPM) and an estimated IM (EIM).

A DPM, termed as p(l) = {p(l)1 , · · · , p(l)n }, defines the probabilities that the

n components are deformed in type l, where l ∈ [1, 3]. The overall deformation

probability Pi of a component i ∈ [1, n] is the sum of the three probabilities, as

shown in Eq. (6).

Pi =

3∑
l=1

p
(l)
i . (6)

An EIM, termed as I(l), l ∈ [1, 3], defines the interference probabilities that

the l-type deformed components impede other components. An EIM is a n ×

n × D matrix, the same as the original IM. Each element of the EIM is a D-

dimensional vector I
(l)
ij = [I

(l)
ij1, I

(l)
ij2, · · · , I

(l)
ijD], where i and j are the indices of

components in the scope of [1, n]. I
(l)
ijd ∈ [0, 1], i, j ∈ [1, n], d ∈ [1, D] indicates

the probability that component j impedes component i along the dth direction

if component j is deformed in type l.

As there are three types of component deformation, there are six matrices to

be used in total, i.e., three DPMs and three EIMs. In practice, the six matrices

are estimated by prior experience. They represent the likelihood of different

deformation types of components and the possibility that a component impedes

others. They can be calibrated by visual detection during the disassembly pro-

cess, as shown in Fig. 1.

Deformation detection is an important step in the calibration of deformation

probability. A deformation detection reveals whether the component being dis-

assembled is impeded by the rest of the defective ones along specific directions.

For each component j ∈ [1, n], the deformation detection can give a binary
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vector Γj = {Γj1,Γj2,Γj3}; Γjl = 1 means that component j is deformed in

type l. Otherwise, it is not deformed in this type. The elements of the binary

vector satisfy
∑3

l=1 Γjl ≤ 1. If
∑3

l=1 Γjl = 0, component j has no deformation;

∀l ∈ [1, 3], the corresponding deformation probability of component j is updated

by Eq. (7).

p
(l)
j = (1− α)p

(l)
j + αΓjl (7)

where α is a fading factor which controls the rate of correction. We recommend

to keep it in the range of [0, 0.1] to ensure that the correction of p(l), l ∈ [1, 3]

is gradual and steady.

The binary label Λ defines whether the current component i has been suc-

cessfully removed. The interference relationship between i and the defective

component j contacting with i will be updated by Eq. (8).

I
(l)
ijd = (1− α)I

(l)
ijd + αΛ, (8)

where l is the deformation type of component j and d is the designated direction

to remove component i. The same fading factor α is adopted to update the EIMs

as the DPMs. Iterations of correcting the six probability matrices will give more

accurate values of probability.

The IPM, which is termed as Ī, is defined as the average interference prob-

abilities between components. It can be obtained from the three EIMs and the

three DPMs, as demonstrated by Eqs. (9) and (10).

Ī =


0 Ī12 · · · Ī1n

Ī21 0 · · · Ī2n

...
...

. . .
...

Īn1 Īn2 · · · 0

 =


{0, · · · , 0} · · · {Ī1n1, · · · , Ī1nD}

{Ī211, · · · , Ī21D} · · · {Ī2n1, · · · , Ī2nD}
...

. . .
...

{Īn11, · · · , Īn1D} · · · {0, · · · , 0}

 ,
(9)

Īijd = (1− Pj) · Iijd +

3∑
l=1

p
(l)
j · I

(l)
ijd, (10)
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Deformation type detection for all 

visible components

Matrices Initialization and 

disassembly sequence import

Disassembly operation

Pull out an element from the 

disassembly sequence

The disassembly sequence is empty?

End

For each visible component j, perform

Yes

No

The element is a component (i)?

Yes

No
The element is a component (i)?

Yes

No

Γ

( ) ( )(1 )l l

j j jlp pa a= - + G

L

( ) ( )(1 )l l

ijd ijdI Ia a= - + L

Figure 1: The process of updating the six probability matrices (The process starts with a dis-

assembly sequence. Each step removes an element in the disassembly sequence. Deformation

detection, which can be accomplished by a stereo camera or visual sensor, will be started to

check visible components.)
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where Īijd represents the average probability that component j impedes com-

ponent i along the dth direction.

4. Multi-Threshold Sequence Planning Under Estimated Interference

Matrices

This section introduces a method to identify the optimal sequence plan based

on the IPM. The key idea of the method is to use thresholds to generate RIMs.

The adoption of multiple thresholds allows more RIMs to be generated from

an IPM. The disassembly failure probabilities of components and subassem-

blies under different thresholds are analyzed. The success rate, the expected

disassembly time of a disassembly sequence, and the number of disassembled

components under different thresholds are calculated accordingly. Then, a dis-

assembly sequence planning algorithm can be applied to identify optimal plans.

4.1. Disassembly Failure Probability under Uncertain Interference

The key benefit of the IPM is that it shows the uncertainties in interference

conditions by defining interference using average probability values rather than

binary values. However, this change also means that the tools employed in

the development of the IM, i.e. the OR operator and the two-point detection

strategy [15], cannot be applied to Î directly.

Our solution is to introduce a threshold Rthr to component and subassembly

detections. A RIM Î is defined to represent the rounding interference values

under a threshold. Each element of Î is obtained from the IPM Ī according to

Rthr, it satisfies

Îijd =

0, if Īijd ≤ Rthr

1, if Īijd > Rthr

, (11)

where i, j ∈ [1, n], d ∈ [1, D]. Î can give a layered candidate set as defined in Eq.

(5) by using the component and subassembly detection approach proposed in
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[15]. Different thresholds result in different sequences to be generated, though

they have the same origin (i.e. an IPM).

For a component i to be disassembled in direction d ∈ [1, D], its actual

failure probability φcom,i, obtained by Eq. (12), is the maximum probability

others will interfere with the component.

φcom,i = max
j∈[1,n]

Īijd. (12)

A subassembly i to be disassembled in direction d ∈ [1, D] having g compo-

nents {c1, · · · , cg} (c1, · · · , cg ∈ [1, n]) can be defined by a group of component

pairs, termed as Ωi = {c1 → c2, c2 → c3, · · · , cg → c1}, where each pair cp → cq

(p, q ∈ [1, g]) means component cp impedes component cq. The disassembly

operation for a subassembly can fail if the subassembly is not interlocked. The

failure probability of a subassembly is the probability that it is broken down

during disassembly. Accordingly, the failure probability of a subassembly φsub,i

under a specific threshold can be calculated by Eq. (13).

φsub,i = 1−
∏

cp→cq∈Ω

min
d∈[1,D]

Īcqcpd, (13)

where mind∈[1,D] Īcqcpd represents the minimum probability of component cp

impeding component cq.

With a low threshold, only the components with small interference proba-

bilities can be released. The success rate of disassembling a component is high;

but this produces more subassemblies that have a high probability of not being

interlocked, and therefore can easily fail. On the contrary, a high threshold re-

sults in more components and fewer subassemblies; removing a component can

also easily fail due to unintended interference.

In summary, the relationships between the original IM I, the EIMs I(l), l ∈

[1, 3], the DPMs p(l) = {p(l)1 , · · · , p(l)n }, the IPM Ī, and the RIM Î are demon-

strated in Fig. 2.

Without loss of generality, this research adopts nine thresholds Rthr =

{0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9} to generate nine candidate sets to form
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IM (I)

DPM (p
(l)

)

EIM (I
(l)

)

IPM ( )ΙIPM ( )Ι RIM ( )̂IRIM ( )̂I
Rounded 

by threshold Rthr,i

Figure 2: The relationships between different kinds of IMs

different RIMs. It is worth noting that different thresholds may result in the

same RIM. Thus, the number of candidate sets W can be fewer than nine.

4.2. Expected Disassembly Time, Value and Success Rate

A disassembly sequence can be represented by {x1, x2, · · · , xmw
}, where mw

refers to the number of elements in the layered candidate set obtained from

a RIM Īw, w ∈ [1,W ]. The direction of removing xi is defined as yi. Each

operation removes an element xi in txi seconds. The transition time between

two elements xi and xi+1 is defined as τxixi+1
. It is the sum of the possible

direction change time between yi and yi+1, tool change time and additional

position adjustment time between xi and xi+1.

Based on the above definition, the expected disassembly time of a sequence
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plan Tw obtained from the wth RIM is formulated by Eq. (14).

Tw =φx1tx1 + (1− φx1)φx2

(
2∑

i=1

txi + τx1x2

)

+ (1− φx1
)(1− φx2

)φx3

(
3∑

i=1

txi
+

2∑
i=1

τxixi+1

)
+ · · ·

+

mw−2∏
j=1

(1− φxj )φxmw−1

(
mw−1∑
i=1

txi +

mw−2∑
i=1

τxixi+1

)

+

mw−1∏
j=1

(1− φxj
)

(
mw∑
i=1

txi
+

mw−1∑
i=1

τxixi+1

)

=φx1tx1 +

mw−2∏
j=1

(1− φxj )

(
mw∑
i=1

txi +

mw−1∑
i=1

τxixi+1

)

+

mw−1∑
k=2

k−1∏
j=1

(1− φxj
)φxk

(
k∑

i=1

txi
+

k−1∑
i=1

τxixi+1

)

. (14)

where φxi
is calculated by using Eq. (13) or (12) in the cases of a component

or a subassembly, respectively.

Every component of an EOL product has an economic value to reuse, re-

manufacture or recycle. As a subassembly is not for sale directly, we suppose it

does not bring economic value. In the case of a component i having an economic

value vi, the expected economic value of the sequence plan Vw under the wth
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RIM is calculated by Eq. (15).

Vw =(1− φx1
)φx2

ux1
vx1

+ (1− φx1
)(1− φx2

)φx3

2∑
i=1

uxi
vxi

+ · · ·

+

mw−2∏
j=1

(1− φxj )φxm−1

mw−2∑
i=1

uxivxi +

mw−1∏
j=1

(1− φxj )

·

(
mw−1∑
i=1

uxi
vxi

+ (1− φxmw
)uxmw

vxmw

)

=

mw−2∑
k=2

k−1∏
j=1

(1− φxj )φxk

k−1∑
i=1

uxivxi

+

mw−1∏
j=1

(1− φxj )

·

(
mw−1∑
i=1

uxivxi + (1− φxmw
)uxmw

vxmw

)
.

(15)

Eq. (15) indicates that the economic value of the plan is
∑k−1

i=1 uxi
vxi

when

the kth (k < mw − 1) disassembly step fails. If all of the mw − 1 elements are

released, the disassembly value should be the total value of the mw−1 elements

with the addition of the last element if it is not deformed.

Similarly, the success rate of a sequence plan in the context of the wth RIM,

denoted as Υw, can be calculated by Eq. (16). The numerator in Eq. (16) is the

number of elements which can be released successfully, while the denominator

is the length of the sequence plan mw.

Υw =

 φx1
+

mw−2∑
k=2

k k−1∏
j=1

(1− φxj
)φxk

+mw

mw−1∏
j=1

(1− φxj
)

 /mw (16)

4.3. Mathematical Model

Multi-threshold sequence planning has three objectives as in Eq. (17).


(1) Minimize Tw

(2) Maximize Vw

(1) Maximize Υw

(17)
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subject to,

(1) 1 < xi < mw; xi, i ∈ [1,m] denotes the ith element to be removed;

(2) ∀i, j ∈ [1,mw], i 6= j ⇔ xi 6= xj ;

(3) ∀i ∈ [1,mw], yi ∈ dxi
; yi, i ∈ [1,m] means the disassembly direction to

remove xi.

Constraint (2) ensures that {x1, · · · , xmw
} is a sequence without repetition.

Constraint (3) ensures that the direction of removing an element is in the feasible

region defined by the layered candidate set Sw.

4.4. The Multi-Threshold Planning Scheme

Nine thresholds can produce W RIMs, each of which gives a layered candi-

date set Sw, w ∈ [1,W ]. Every candidate set may have a different number of

elements and failure probabilities. The planing procedure shown in Fig. 3 can

be applied.

This planning procedure uses the three DPMs p(l) and the three EIMs I(l)

as inputs. It calculates the IPM Ī using Eq. (9) and Eq. (10). By changing

the threshold Rth from 0.1 to 0.9, W RIMs are generated. For each RIM Î,

using the two-point detection strategy [15] can generate the layered candidate

set Sw, w ∈ [1,W ]. Then, a multi-objective optimization algorithm can be used

to find W Pareto solution sets in parallel.

Finally, the solutions obtained under different thresholds are compared. The

overall Pareto-front set can be formed accordingly, which is an improvement in

comparison to the Pareto-fronts obtained under a singular threshold.

5. Experiments and Discussions

Three case studies are given to show the effect of uncertain interference on

sequence planning and the performance of the multi-threshold sequence planning

scheme.
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Input p(l) and I(l), 1<l<3

Rth=0.1 Rth=0.2 Rth=0.9
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probability matrix I

Disassembly sequence 

planning algorithm

Pareto solution set 1
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Disassembly sequence 
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2Î
ˆ
W
I1Î
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Figure 3: A parallel planning procedure for estimated interference
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5.1. Product Cases and Experimental Configuration

The three cases are a gear pump, a motor reducer, and a worm gear, all of

which are adopted from the ’GRABCAD’ library [35]. The three products have

40, 47, and 38 components, respectively. Their exploded views are given in Fig.

4. Key parameters adopted in the three case studies are shown in Table 6.

Four typical MOEAs, i.e. MOEA/D (multi-objective evolutionary algo-

rithm based on decomposition) [36], NSGA-III (non-dominated sorting genetic

algorithm-III) [37], GrEA (grid-based evolutionary algorithm) [38], and RVEA

(reference vector guided evolutionary algorithm) [39] are employed to find Pareto-

front solutions of the multi-objective optimization problem. The precedence

preservative crossover (PPX) operator [40] and a simple mutation operator [15]

are applied to generate new solutions during the evolutionary search.

In each iteration, the mutation operator is executed based on the solutions

generated by the PPX. For each solution, a random number r is generated to

guide whether its sequence part or its direction part is mutated. If r < 0.5,

two randomly selected variables of the sequence part are swapped. Otherwise,

a variable of the direction part is randomly changed to another removable di-

rection.

According to MOEA/D, the population size is defined by a parameter h, i.e.

Npop = C
Nobj−1
h+Nobj−1, where Nobj is the number of objectives of a problem [36].

This research sets h to 3, to allow a quick evolutionary process (i.e. Npop = 10).

The four parameters of the MOEAs are set as in Table 7. The maximum number

of Pareto-front solutions in each evolutionary generation is 20, i.e. twice the size

of the population. The selection of the solutions is on the basis of the minimum

crowd distance, which is the minimum euclidian distance between a solution

and the others, as defined in [41].

The hypervolume (HV) is applied to evaluate the performance of these clas-

sical MOEAs in the multi-threshold sequence planning scheme.

All experiments are implemented by Xcode and tested in a Mac OS Catalina

environment. The hardware configuration is 2.6-GHz Intel Core i7 CPU with

16 GB of 2.4-MHz DDR4 RAM.
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(a) A motor reducer
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(b) The exploded view of a motor reducer

(c) A gear pump
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(d) The exploded view of a gear pump

(e) A worm gear
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(f) The exploded view of a worm gear

Figure 4: Three product samples for the experiments.

21



5.2. Layered Candidate Set under Different Thresholds

Given three DPMs and three EIMs as a priori, an IPM can be obtained using

Eqs. (9) and (10). Then, a group of RIMs are derived from the IPM using the

nine thresholds Rthr = {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9}. Before generating

a disassembly sequence plan, removable components and subassemblies under

different RIMs should be identified. Table ?? shows the layered candidate sets

of the three products under different thresholds.

There are three layered candidate sets for the motor reducer, three for the

gear pump, and five for the worm gear. In the case of the motor reducer, when

the threshold Rthr changes from 0.2 to 0.7 and from 0.8 to 0.9, the layered

candidate set does not change. For the gear pump, the removable elements and

their precedence relationship obtained under the thresholds 0.3 to 0.9 are the

same. For the worm gear, the layered candidate set does not change when the

threshold changes from 0.4 to 0.8.

It is understandable that the number of removable elements increases as

the threshold increases, as discussed in section 4.1. Under different thresholds,

different subassemblies can be formed due to distinct rounding interference rela-

tionships. Using different layered candidate sets will generate diverse sequence

plans. These plans are compared to identify the global optimum.

5.3. Uncertain Interference v.s. Fixed Interference

If the interference is fixed, i.e. failure is not considered, the disassembly

sequence planning is a single-objective optimization problem. The economic

value of disassembly time is fixed, i.e. the summation of the economic values of

all components. The disassembly time is also fixed, i.e. the summation of the

disassembly times to remove every component.

On the contrary, if different types of deformation probabilities and interfer-

ence probabilities are considered, the economic time and time of a disassembly

plan can change. For example, the disassembly time of a sequence plan can be

shorter, as it may be terminated due to failures caused by component deforma-

tion.
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To demonstrate the difference caused by using uncertain interference, the

NSGA-III is adopted to find solutions for the layered candidate sets listed in

Table IV. The solutions are then evaluated by using its IPM, considering de-

formation. The solutions are also evaluated by the original IM assuming that

there is no deformation and no failure. The results are given in Fig. 5.

It it worth noting that the actual disassembly time can be far less than

the disassembly time calculated by using the original IM. Only 20% to 40%

of the valuable components can retrieved from a deformed motor reducer or a

deformed gear pump, according to the given deformation probabilities and the

interference probabilities. Similarly, only 10% to 60% of the components can

be retrieved from a deformed water gear, indicating an actual economic value

of less than 25% of the expected economic value. These results demonstrate

the significant effects of component deformation on the process of automatic

disassembly. Therefore, it is a necessity to have a new approach to disassembly

sequence planning in the context of uncertain interference.

5.4. The Sequence Plans with Multiple Thresholds

This section demonstrates the use of the NSGA-III in the multi-threshold

planning scheme, as shown in Fig. 3. The distribution of the solutions is given

in Fig. 6.

As discussed in 4.1, if the threshold is low, components can be removed with

a high success rate. However, the failure probability of removing subassemblies

will be high, due to having a high probability of not being interlocked. On the

contrary, a high threshold increases the failure probability of removing compo-

nents, though the failure probability of removing subassemblies is reduced.

In the case of the motor reducer, three thresholds give three different layered

candidate sets. Using a low threshold Rthr = 0.1 detects a small number of

removable elements. Therefore, the total time to remove these elements is short.

The success rate of a plan is higher than those obtained using higher thresholds;

but with fewer components can be retrieved, and thus the returned economic

value is less. The results of using thresholds Rthr = 0.2 and Rthr = 0.8 are
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(a) The solutions for disassembling the motor reducer

(b) The solutions for disassembling the gear pump

(c) The solutions for disassembling the water gear

Figure 5: The comparison between the solutions estimated by different interference matrices;

M IM and N M IM represent evaluations based on IPMs and IMs, respectively.
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(a) The solutions for disassembling the motor reducer

(b) The solutions for disassembling the gear pump

(c) The solutions for disassembling the water gear

Figure 6: The comparison between the solutions obtained under different thresholds; two

separate and three separate clusters of solutions can be seen in Fig. 6(a) and Fig. 6c,

respectively; the solutions obtained using different thresholds cannot be distinguished clearly,

as in 6(b).

25



similar, as given in Fig. 6a.

Also, three different layered candidate sets are given in the case of the gear

pump. It can be seen from Fig. 6(b) that disassembly time of different so-

lutions distributes in a narrow range (about [200s, 350s]). This also indicates

that the expected numbers of disassembled elements are similar using different

thresholds. However, the returned value and success rate of the plans can be

very different. Using a low threshold gives a high success rate and low economic

values.

In the case of water pump, five candidate sets are given. The number of

detected elements under threshold Rthr = 0.1 is only four. It gives a very high

success rate but a very low economic value and disassembly time. The number

of detected elements increases, as the threshold grows. The disassembly time

and the economic value of the other four groups of solutions are similar.

From these three cases, it can be seen a trend that a low threshold generates

solutions with high reliability (i.e. high success rate), but the returned eco-

nomic value is low. A high thresholds introduce solutions of low reliability (i.e.

low success rate), but the expected returned value and disassembly time may

increase. The proposed optimization method can be used to identify a balanced

plan.

Compared to the planning under a single fixed threshold, the multi-threshold

planning scheme is able to significantly improve the average success rate (e.g.

50% for the motor reducer), reduce disassembly time (e.g. 24% for the water

gear), and increase the economic value of disassembly (e.g. 6% and 16% for the

gear pump and the water gear, respectively).

5.5. The Solutions of the Multi-Threshold Planning Scheme using Different

Multi-Objective Evolutionary Algorithms

To understand the solution distribution of the multi-threshold planning

scheme from a global perspective, different MOEAs are adopted. An algo-

rithm is applied to a product case for 20 times. The solutions under multiple

thresholds gathered. The Pareto-fronts among them are then selected to form
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the resultant non-dominated solution set. The non-dominated solution sets ob-

tained by using the four typical MOEAs, i.e. MOEA/D, NSGA-III, GrEA, and

RVEA, for the three cases are shown in Fig. 7.

The objectives in these sets are then normalized to [0, 1]. By setting the

reference point as [1.1, 1.1, 1.1], the HV values of the four algorithms can be

calculated and the result is given in Table 11.

From Fig. 7, it is obvious that using different MOEAs with the same

evolutionary operators does not greatly change the performance of the multi-

threshold planning scheme. The distributions of the non-dominated solutions

obtained by using different MOEAs are similar.

From the algorithm performance perspective, the solutions obtained by the

GrEA are similar to those obtained by the RVEA. The RVEA tends to identify

solutions of short time, low value and low success rate, while GrEA’s capability

tends to be the opposite (i.e. detecting those of long time, high value and high

success rate).

From Table 11, it can be seen that the NSGA-III performs the best under

the proposed multi-threshold planning scheme with the highest HV values in

the three cases; while the solutions obtained by the MOEA/D have the smallest

distribution range.

In summary, different state-of-the-art MOEAs can be applied directly to the

multi-threshold sequence planning of automated disassembly. We recommend

to use NSGA-III. The non-dominated solutions obtained from different layered

candidate sets offer trade-offs among reliability, economic value and time effi-

ciency.

6. Conclusion and Future Works

This research considers three types of component deformations and their

impacts on the interference relationship between components. An interference

probability matrix was proposed to represents the possible interference prob-

abilities of a product with different EOL states. A multi-threshold planning

27



(a) The solutions for disassembling the motor reducer

(b) The solutions for disassembling the gear pump

(c) The solutions for disassembling the water gear

Figure 7: The solutions obtained by four typical MOEAs under the multi-threshold planning

scheme
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scheme was established to generate optimal sequence plans. Multiple rounding

interference matrices and the corresponding layered candidate sets can be gen-

erated under different thresholds. The state-of-the-art MOEAs can be adopted

to identify the non-dominated solutions based on the layered candidate sets.

Experimental results showed the multi-threshold planning scheme is able to im-

prove the average success rate of the plans by up to 50%; reduce the average

disassembly time of the plans by up to 24%; and increase the returned value

by up to 16%; in comparison to the planning scheme under a fixed interference

matrix.

An useful future works is the design and implementation of online update

strategies to obtain deformation probability matrices and the interference prob-

ability matrices.
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Table 2: The notations of this paper

Notation Description

Γj = {Γj1,Γj2,Γj3}. A binary list indicating the deformation status

of component j. Γjl = 1 means component

j is deformed in type l, otherwise, it is not

deformed in this type.

α A fading factor to control the update of p(l)

and I(l)

Λ A binary label defines whether a component

is successfully removed

Ī Interference probability matrix

Īij = [Īij1, · · · , ĪijD] An element of Ī, which represents the average

probability that component j impedes compo-

nent i along D directions

Î A rounding interference matrix under a spe-

cific threshold

Îij = [Îij1, · · · , ÎijD] It represents the rounding interference results

showing whether component j impedes com-

ponent i along D directions.

φcom,i Failure probability of disassembling compo-

nent i

φsub,i Failure probability of disassembling subassem-

bly i

Ωi = {c1 → c2, · · · , cg →

c1}

An interlocked subassembly of g components

Rthr =

{Rthr,1, · · · , Rthr,9}

A group of thresholds

W Number of candidate sets obtained using a

group of thresholds

mw Number of elements in the wth candidate set,

where w ∈ [1,W ]
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Table 3: The notations of this paper

Notation Description

{x1, · · · , xmw
} A disassembly sequence generated using the

wth candidate set

yi The disassembly direction to remove the ele-

ment xi

txi
The disassembly time to remove the element

xi

τxixi+1
The transition time between the removals of

the two elements xi and xi+1

vi Economic value of component i

Tw Expected disassembly time of a sequence plan

based on the wth rounding interference matrix

Vw Expected disassembly value of a sequence plan

based on the wth rounding interference matrix

Υw Success rate of a sequence plan based on the

wth rounding interference matrix
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Table 4: The abbreviations of this paper

Abbreviation Full name

EOL End-of-life

IM Interference matrix

EIM Estimated interference matrix

DPM Deformation probability matrix

IPM Interference probability matrix

RIM Rounding interference matrix

EA Evolutionary algorithm

MOEA Multi-objective evolutionary algorithm

MOEA/D Multi-objective evolutionary algorithm based on decomposition

NSGA-III Non-dominated sorting genetic algorithm-III

GrEA Grid-based evolutionary algorithm

RVEA Reference vector guided evolutionary algorithm

PPX Precedence preservative crossover

HV Hypervolumn

Table 5: Three types of component deformations and their probability.

Type Typical cases Probability Interference

1 Enlargement Swelling, Appendage p(1) I(1)

2 Contraction Deficiency, Wear p(2) I(2)

3 Bonding Corrosion, Rust p(3) I(3)

Table 6: The range of disassembly time and value of each component. The value ranges

are estimated for the demonstration of the proposed method. More accurate values can be

obtained through statistical analysis in practice.

Item Range Unit

Deformation probability in each type [0, 0.3] /

Component value [0, 15] dollar

Basic disassembly time [10, 30] second

Transition time [5, 15] second
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Table 7: The parameter setting of the MOEAs

Item Value

Population size 10

Maximum number of evaluation calls 10000

The maximum size of a Pareto-front set during the

evolutionary search under a certain threshold

20
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Table 8: The hierarchical candidate sets of the removable elements with their direction lists

for the motor reducer.

Threshold The hierarchical candidate set

Original

〈1 ◦ [1], 2 ◦ [1], 3 ◦ [1], 4 ◦ [1], 5 ◦ [1], 6 ◦ [1], 7 ◦ [1], 8 ◦ [1],

22 ◦ [5], 23 ◦ [5], 29 ◦ [4], 30 ◦ [5], 31 ◦ [3], 40 ◦ [2]〉,

〈10 ◦ [1], 32 ◦ [2], 33 ◦ [2], 34 ◦ [2], 35 ◦ [2], 39 ◦ [2]〉,

〈9 ◦ [1], 38 ◦ [2, 3, 4, 5]〉, 〈11 ◦ [1], 20 ◦ [1], 37 ◦ [2]〉

〈12 ◦ [1], 13 ◦ [1], 14 ◦ [1], 15 ◦ [1], 16 ◦ [1], 17 ◦ [1],

18 ◦ [1], 19 ◦ [1]〉, 〈21 ◦ [1]〉, 〈24 ◦ [1]〉, 〈25 ◦ [1]〉, 〈26 ◦ [1]〉,

〈27 ◦ [1]〉, 〈28 ◦ [1]〉, 〈36 ◦ [1, 2, 3, 4, 5]〉

0.1

〈22 ◦ [5], 23 ◦ [5], 40 ◦ [2]〉, 〈29 ◦ [4], 30 ◦ [5], 31 ◦ [3],

39 ◦ [2]〉, 〈{9, 10, 1, 2, 3, 4, 5, 6, 7, 8, 20} ◦ [1],

{32, 28, 33, 34, 35, 36, 37, 38, 11, 21, 24, 25, 26, 27, 12,

13, 14, 15, 16, 17, 18, 19} ◦ [1]〉,

〈11 ◦ [1]〉, 〈12 ◦ [1], 13 ◦ [1], 14 ◦ [1], 15 ◦ [1], 16 ◦ [1],

17 ◦ [1], 18 ◦ [1], 19 ◦ [1]〉, 〈21 ◦ [1]〉, 〈24 ◦ [1]〉,

〈25 ◦ [1]〉, 〈26 ◦ [1]〉, 〈27 ◦ [1]〉

0.2

〈1 ◦ [1], 2 ◦ [1], 3 ◦ [1], 4 ◦ [1], 5 ◦ [1], 6 ◦ [1], 7 ◦ [1],

8 ◦ [1], 22 ◦ [5], 23 ◦ [5], 29 ◦ [4], 30 ◦ [5], 31 ◦ [3], 40 ◦ [2]〉,

〈10 ◦ [1], 32 ◦ [2], 33 ◦ [2], 34 ◦ [2], 35 ◦ [2], 39 ◦ [2]〉,

〈9 ◦ [1], 38 ◦ [2, 3, 4, 5]〉, 〈11 ◦ [1], 20 ◦ [1], 37 ◦ [2]〉,

〈12 ◦ [1], 13 ◦ [1], 14 ◦ [1], 15 ◦ [1], 16 ◦ [1], 17 ◦ [1], 18 ◦ [1],

19 ◦ [1]〉, 〈21 ◦ [1]〉, 〈24 ◦ [1]〉, 〈25 ◦ [1]〉, 〈26 ◦ [1]〉,

〈27 ◦ [1]〉, 〈28 ◦ [1]〉, 〈36 ◦ [1, 2, 3, 4, 5]〉

0.8

〈1 ◦ [1], 2 ◦ [1], 3 ◦ [1], 4 ◦ [1], 5 ◦ [1], 6 ◦ [1], 7 ◦ [1],

8 ◦ [1], 9 ◦ [1], 22 ◦ [5], 23 ◦ [5], 29 ◦ [4], 30 ◦ [5],

31 ◦ [3], 40 ◦ [2]〉, 〈10 ◦ [1], 32 ◦ [2], 33 ◦ [2], 34 ◦ [2],

35 ◦ [2], 39 ◦ [2]〉, 〈11 ◦ [1], 20 ◦ [1], 38 ◦ [2, 3, 4, 5]〉,

〈12 ◦ [1], 13 ◦ [1], 14 ◦ [1], 15 ◦ [1], 16 ◦ [1], 17 ◦ [1],

18 ◦ [1], 19 ◦ [1], 37 ◦ [2]〉, 〈21 ◦ [1]〉, 〈24 ◦ [1], 25 ◦ [1]〉,

〈26 ◦ [1]〉, 〈27 ◦ [1]〉, 〈28 ◦ [1]〉, 〈36 ◦ [1, 2, 3, 4, 5]〉
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Table 9: The hierarchical candidate sets of the removable elements with their direction lists

for the gear pump.

Threshold The hierarchical candidate set

Original

〈1 ◦ [1], 2 ◦ [1], 3 ◦ [1], 4 ◦ [1], 5 ◦ [1], 6 ◦ [1], 7 ◦ [1],

8 ◦ [1], 9 ◦ [1], 10 ◦ [1], 26 ◦ [4], 27 ◦ [4], 28 ◦ [4], 29 ◦ [4],

30 ◦ [3], 31 ◦ [3], 32 ◦ [3], 33 ◦ [3], 39 ◦ [2], 40 ◦ [2],

41 ◦ [2], 42 ◦ [2], 43 ◦ [2], 44 ◦ [2], 45 ◦ [2], 46 ◦ [2], 47 ◦ [2]〉,

〈11 ◦ [1], 12 ◦ [1], 24 ◦ [1, 2, 4, 5], 25 ◦ [1, 2, 3, 5], 37 ◦ [2]〉,

〈13 ◦ [1, 3, 4, 5], 22 ◦ [1, 2, 4, 5], 23 ◦ [1, 2, 3, 5]〉

〈16 ◦ [1], 17 ◦ [1]〉, 〈20 ◦ [1], 21 ◦ [1]〉, 〈18 ◦ [2], 19 ◦ [1, 2]〉,

〈38 ◦ [2]〉, 〈36 ◦ [1, 2]〉, 〈35 ◦ [2, 3, 4, 5]〉

〈34 ◦ [2, 3, 4, 5]〉, 〈15 ◦ [2, 3, 4, 5]〉, 〈14 ◦ [1, 2, 3, 4, 5]〉

0.1

〈1 ◦ [1], 2 ◦ [1], 3 ◦ [1], 4 ◦ [1], 5 ◦ [1], 6 ◦ [1], 7 ◦ [1],

8 ◦ [1], 30 ◦ [3], 31 ◦ [3], 32 ◦ [3], 33 ◦ [3], 39 ◦ [2], 40 ◦ [2],

41 ◦ [2], 42 ◦ [2], 43 ◦ [2], 44 ◦ [2], 45 ◦ [2], 46 ◦ [2],

47 ◦ [2]〉, 〈24 ◦ [1, 2, 3, 5], 37 ◦ [2]〉, 〈23 ◦ [1, 2, 3, 5]〉,

〈{21, 35, 18, 19, 36, 38, 16, 20, 17, 34} ◦ [2], {26, 24,

27, 28, 29} ◦ [4], {10, 13, 9, 11, 12} ◦ [1, 3, 4, 5]〉,

〈16 ◦ [1], 17 ◦ [1]〉, 〈20 ◦ [1], 21 ◦ [1]〉, 〈18 ◦ [2],

19 ◦ [1, 2]〉, 〈38 ◦ [2]〉, 〈36 ◦ [1, 2]〉, 〈35 ◦ [2, 3, 4, 5]〉,

〈34 ◦ [1, 2, 3, 4, 5]〉, 〈15 ◦ [3, 4, 5]〉

0.2

〈1 ◦ [1], 2 ◦ [1], 3 ◦ [1], 4 ◦ [1], 5 ◦ [1], 6 ◦ [1], 7 ◦ [1],

8 ◦ [1], 9 ◦ [1], 10 ◦ [1], 26 ◦ [4], 27 ◦ [4], 28 ◦ [4], 29 ◦ [4],

30 ◦ [3], 31 ◦ [3], 32 ◦ [3], 33 ◦ [3], 39 ◦ [2], 40 ◦ [2],

41 ◦ [2], 42 ◦ [2], 43 ◦ [2], 44 ◦ [2], 45 ◦ [2], 46 ◦ [2], 47 ◦ [2]〉,

〈24 ◦ [1, 2, 4, 5], 25 ◦ [1, 2, 3, 5], 37 ◦ [2]〉, 〈22 ◦ [1, 2, 4, 5],

23 ◦ [1, 2, 3, 5]〉, 〈{35, 18, 36, 38, 16, 20, 34} ◦ [2],

{12, 13, 11} ◦ [1, 3, 4, 5]〉, 〈16 ◦ [1]〉, 〈20 ◦ [1]〉, 〈18 ◦ [2]〉,

〈38 ◦ [2]〉, 〈36 ◦ [1, 2]〉, 〈35 ◦ [2, 3, 4, 5]〉, 〈21 ◦ [2],

34 ◦ [1, 2, 3, 4, 5]〉, 〈15 ◦ [2], 17 ◦ [2]〉, 〈19 ◦ [2]〉

0.3

〈1 ◦ [1], 2 ◦ [1], 3 ◦ [1], 4 ◦ [1], 5 ◦ [1], 6 ◦ [1], 7 ◦ [1],

8 ◦ [1], 9 ◦ [1], 10 ◦ [1], 26 ◦ [4], 27 ◦ [4], 28 ◦ [4], 29 ◦ [4],

30 ◦ [3], 31 ◦ [3], 32 ◦ [3], 33 ◦ [3], 39 ◦ [2], 40 ◦ [2], 41 ◦ [2],

42 ◦ [2], 43 ◦ [2], 44 ◦ [2], 45 ◦ [2], 46 ◦ [2], 47 ◦ [2]〉,

〈11 ◦ [1], 12 ◦ [1], 24 ◦ [1, 2, 4, 5], 25 ◦ [1, 2, 3, 5], 37 ◦ [2]〉,

〈13 ◦ [1, 3, 4, 5], 22 ◦ [1, 2, 4, 5], 23 ◦ [1, 2, 3, 5]〉,

〈16 ◦ [1], 17 ◦ [1]〉, 〈20 ◦ [1], 21 ◦ [1]〉, 〈18 ◦ [2],

19 ◦ [1, 2]〉, 〈38 ◦ [2]〉, 〈36 ◦ [1, 2]〉, 〈35 ◦ [2, 3, 4, 5]〉,

〈34 ◦ [2, 3, 4, 5]〉, 〈15 ◦ [2, 3, 4, 5]〉, 〈14 ◦ [1, 2, 3, 4, 5]〉
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Table 10: The hierarchical candidate sets of the removable elements with their direction lists

for the worm gear.

Threshold The hierarchical candidate set

Original

〈1 ◦ [5], 2 ◦ [5], 3 ◦ [5], 4 ◦ [5], 5 ◦ [5], 6 ◦ [5], 7 ◦ [5],

8 ◦ [5], 9 ◦ [1], 12 ◦ [1], 13 ◦ [1], 17 ◦ [2], 18 ◦ [2], 19 ◦ [2],

20 ◦ [2], 21 ◦ [2], 22 ◦ [4], 23 ◦ [4], 24 ◦ [4], 25 ◦ [4],

26 ◦ [4], 32 ◦ [3], 33 ◦ [3], 34 ◦ [3], 35 ◦ [3], 36 ◦ [3]〉,

〈10 ◦ [1], 16 ◦ [2], 27 ◦ [4], 31 ◦ [3]〉, 〈11 ◦ [1], 15 ◦ [2],

28 ◦ [4]〉, 〈29 ◦ [4]〉, 〈{38, 14} ◦ [5]〉,

〈14 ◦ [1, 2], 30 ◦ [5], 38 ◦ [1, 2]〉, 〈37 ◦ [1, 2, 3, 4, 5]〉

0.1
〈12 ◦ [1], 13 ◦ [1], 32 ◦ [3]〉,

〈{the rest forming a subassembly} ◦ [1, 2, 3, 4, 5]〉

0.2

〈1 ◦ [5], 3 ◦ [5], 4 ◦ [5], 5 ◦ [5], 6 ◦ [5], 8 ◦ [5], 12 ◦ [1],

13 ◦ [1], 17 ◦ [2], 26 ◦ [4], 32 ◦ [3]〉,

〈{the rest forming a subassembly} ◦ [1, 2, 3, 4, 5]〉

0.3

〈1 ◦ [5], 3 ◦ [5], 4 ◦ [5], 5 ◦ [5], 6 ◦ [5], 8 ◦ [5], 9 ◦ [1],

12 ◦ [1], 13 ◦ [1], 17 ◦ [2], 22 ◦ [4], 23 ◦ [4], 24 ◦ [4],

25 ◦ [4], 26 ◦ [4], 32 ◦ [3]〉, 〈10 ◦ [1], 26 ◦ [4]〉, 〈11 ◦ [1],

28 ◦ [4]〉, 〈29 ◦ [4]〉, 〈{18, 16, 15, 19, 20, 21} ◦ [2],

{33, 31, 34, 35, 36} ◦ [3]〉

0.4

〈1 ◦ [5], 3 ◦ [5], 4 ◦ [5], 5 ◦ [5], 6 ◦ [5], 7 ◦ [5], 8 ◦ [5],

9 ◦ [1], 12 ◦ [1], 13 ◦ [1], 17 ◦ [2], 18 ◦ [2], 19 ◦ [2],

20 ◦ [2], 21 ◦ [2], 22 ◦ [4], 23 ◦ [4], 24 ◦ [4], 25 ◦ [4],

26 ◦ [4], 32 ◦ [3], 33 ◦ [3], 34 ◦ [3], 35 ◦ [3], 36 ◦ [3]〉,

〈10 ◦ [1], 16 ◦ [2], 27 ◦ [4], 31 ◦ [3]〉, 〈11 ◦ [1], 15 ◦ [2],

28 ◦ [4]〉, 〈29 ◦ [4]〉, 〈{14, 38, 2, 7, 30, 37} ◦ [1, 2, 3, 4, 5]〉

0.9

〈1 ◦ [2, 3, 5], 3 ◦ [2, 5], 4 ◦ [2, 4, 5], 5 ◦ [1, 3, 5],

6 ◦ [1, 5], 8 ◦ [1, 4, 5], 9 ◦ [1], 12 ◦ [1], 13 ◦ [1], 17 ◦ [2],

18 ◦ [2], 19 ◦ [2], 20 ◦ [2], 21 ◦ [2], 22 ◦ [4], 23 ◦ [4],

24 ◦ [4], 25 ◦ [4], 26 ◦ [4], 32 ◦ [3], 33 ◦ [3], 34 ◦ [3],

35 ◦ [3], 36 ◦ [3]〉, 〈10 ◦ [1], 16 ◦ [2], 27 ◦ [4],

31 ◦ [3]〉, 〈11 ◦ [1], 15 ◦ [2], 28 ◦ [4]〉, 〈29 ◦ [4]〉,

〈13 ◦ [1, 2], 29 ◦ [4]〉
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Table 11: The HV of the four MOEAs under the multi-threshold planning scheme

Product Algorithm HV

Motor reducer

MOEA/D 0.9800

NSGA-III 1.0154

GrEA 1.0138

RVEA 1.0134

Gear pump

MOEA/D 0.9801

NSGA-III 1.0533

GrEA 1.0230

RVEA 1.0165

Water gear

MOEA/D 0.9783

NSGA-III 0.9941

GrEA 0.9861

RVEA 0.9826
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