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Abstract 

Disassembly modeling and planning is meaningful and instructive for remanufacturing 

and recycling of disused products. However, an actual disassembly process of products 

has uncertainties since a variety of unpredictable factors. To handle such uncertainty, this 

work presents a novel disassembly modeling and planning approach using an extended 

stochastic Petri nets. An extended stochastic disassembly Petri nets (ESDPN) model is 

defined to provide basis for disassembly planning. Moreover, based on it, some typical 

probability evaluation models is built accordion to different disassembly criterion. In 

addition, a hybrid intelligent integrating stochastic simulation and neural network (NN) is 

proposed to solve the proposed models, respectively. Some numerical examples are given 

to illustrate the proposed models and the effectiveness of proposed algorithms.  

 

Keywords: Petri nets, discrete event system, disassembly, disassembly planning  

 

1. Introduction 

Due to growing concern and anxiety for material resources, energy conservation, and 

environmental protection, the recovery management of obsolete or disused products has 

attracted word-wide attention. Obviously, lots of obsolete products include a large 

number of renewable resources, e.g., gold, iron and aluminum, etc. additionally, some 

obsolete products may contain harmful and toxic matters, e.g., lead, chrome and obsolete 

products, etc., [1-3].  

Thus, to establish a harmony life environment and promote the recycling and 

remanufacturing of obsolete products, it is natural that an efficient disassembly problem 

should be probed. One of important topics is disassembly modeling and planning. The 

early work mainly focused on determined problem. Disassembly modeling approach 

methods mainly include undirected graph, directed graph and AND/OR graph and Petri 

nets [2, 4-8]. Disassembly planning is considered as a NP problem and it aims to 

determine an optimal disassembly sequence. Many different solution methods have been 

formed and pretend in the field [2, 5]. For example, some mathematical planning and 

recursive method, e.g, two-commodity network flow method [9] and rule-based recursive 

[10] approach. In addition, many intelligent algorithms have become a good tool to 

optimize the disassembly sequence, e.g., genetic algorithm [11], self-adaptive simplified 

swarm optimization method [12], improved max–min ant system [13] and heuristic 

methods [14]. 

However, disassembled products are usually ones used for a certain period of time, and 

thus can encounter much uncertainty. For instance, the condition of a returned product is 

uncertain since it is used for a long time and experiences some uncontrollable factors; the 
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disassembly time of a product due to different disassembly tools and methods, and so on. 

since the emergence of these issues, some uncertainty management problems of product 

disassembly have been raised. Gungor and Gupta describe the uncertainty related 

difficulties in disassembly sequence planning. They present a methodology for 

disassembly sequence planning for products with defective parts in product recovery [15]. 

Ilgin and Gupta present a sensor embedded product approach to detect missing 

components on disassembly uncertainty [16-17]. They point out that a high degree of 

uncertainty exists in a disassembly system. The most popular approaches dealing with this 

uncertainty include simulation, stochastic programming, robust optimization, sensitivity 

and scenario analysis [18]. Tian et al. establish some tochastic programming models and 

perform the quantitative analysis of a disassembly process [19-21]. Sandborn and Murphy 

use Monte Carlo/ stochastic simulation to analyze the data uncertainty [22]. Kang et al. 

model disassembly operation times and recovery value in the form of intervals and apply 

the min–max regret criterion to get a robust disassembly sequence [23]. Tang and Zhou 

consider the uncertainty feature of disassembly time and quality of disassembled 

subassemblies in a disassembly process, and analyze the expected disassembly cost and 

expected net profit of product disassembly based on the generic model for a human-in-

the-loop disassembly system [24]. They discuss one such system where a machine 

learning approach based on a disassembly Petri net (DPN) and a hybrid Bayesian network 

(HBN) is used. In particular, this method models the disassembly process and predicts the 

outcome of each disassembly action by examining the probabilistic relationships between 

the different aspects of the disassembly process [25-26]. Reveliotis presents the 

uncertainty management in optimal disassembly planning through learning-based 

strategies [27]. Gao, et al., realize the intelligent decision making of a disassembly 

process based on fuzzy reasoning Petri nets [28].  

Although some researchers have proposed to use Petri nets and fuzzy reasoning theory 

to address uncertainty management problems on disassembly, they pay little attention to 

the stochastic Petri nets modeling and planning issues of product disassembly. This work 

addresses modeling and planning methods for product disassembly based on extended 

stochastic Petri nets. 

The rest of this paper is organized as follows. Section II states some assumptions and 

define a new disassembly model, i.e, extended stochastic disassembly Petri nets 

(ESDPN). Section III establishes probability Evaluation models of product disassembly 

profit based on ESDPN. Section IV introduces an algorithm to solve them. Section V 

presents some numerical examples to test its effectiveness. Finally, Section VI concludes 

this paper and describes future research issues. 

   

2. Problem Statement  

Disassembly is considered as a process to dismantling an assembly to its 

parts/components [29-30]. In this paper, we use a part or component or subassembly 

interchangeably as long as no confusion arises.  

 

2.1. Assumptions 

As the problem of disassembly is quite complex, for the purposes of this paper, several 

assumptions are taken into account during the formulation of disassembly planning 

problem: Disassembly of a product is carried out by a non-destructive disassembly 

approach; removal time is stochastic with known probability distribution; removal task 

failure rate and quality condition of parts are specified uniform distributions or interval 

numbers; and removal labor cost rate and part value are given. 

 

2.2. Extended Stochastic Disassembly Petri nets (ESDPN) 

The Petri net is a graphic modeling method, which is widely used in modeling and 
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analyzing discrete event systems such as semiconductor manufacturing, transportation 

and automated manufacturing systems. An extended stochastic disassembly Petri nets 

(ESPN) is a high lever Petri net (PN), it is a type of improved stochastic Petri nets with 

arbitrary distribution. Basic PN knowledge can be referred to [31-32]. 

Based on the related concept of the ESPN, the extended stochastic disassembly Petri 

nets (ESDPN) of a product can be established according to the geometric constraint 

relationship, AND/OR logical relationship and removal state among various parts or 

components comprising a product.  

Definition 1. An extended stochastic disassembly Petri nets (ESDPN) is defined as a 

ten-tuple 

ESDPN=(S, T, I, O, M, x , c,  ,  ,  ) 

where  

1) },,,{ 21 nsssS  , is a finite set of places denoting the parts composing a product, 

2) },,,{ 21 stttT  , is a finite set of transitions with TP , TP , it denotes 

the removal operation of the part.  

3) NTSI : , is an input function that defines the set of directed arcs from P to T,  

4) NSTO : , is an output function that defines the set of directed arcs from T to S. 

Note that that }{}{ STTSA   is a set of directed arcs denoting the priority removal 

relation of various part composing a product, 

5) NSM : , Mi is a marking represents the number of tokens in the ith place. An 

initial marking is denoted by M0, 

6) Tx :  is a removal time probability density function associated with a transition, 

where   is the set of random variable denoting the needed  time to removal a specified 

part, 

7) 
 RTc : is a removal cost rate associated with a transition, where R+ is the set of 

non-negative real numbers, 

8)  RT:  is a removal value associated with a transition, where R
+
 is the set of non-

negative real numbers, 

9)  T:  is quality condition function associated with a transition, where ]1,0[~ U  

and it is the set of random uniform variable. The vale )(t  denotes the quality condition 

of a removed part. Clearly, 0)( t  means that the quality condition of a part is worst, i.e., 

it has no value; while 1)( t  means that the quality condition of a part is best, i.e., it is 

intact, and,  

10) ]1,85.0[: T  is a probability value associated with a transition. It is updated 

according to the sensing result of the corresponding disassembly operation performed by 

external resources. The value )(t represents the success rate of a removal operation. The 

value of 1- )(t  represents the failure rate. )(t  is assumed to be )(t [0.85,1] since most 

of removal part can be successfully obtained in reality in this paper.  

Based on the ESDPN and reachability of PN, a feasible disassembly sequence is 

presented next,  

An ESPN of a product is shown in Fig. 1. We can see that it clearly describe the 

removal relation of various parts comprising the product using its related elements. The 

set of places S={s1,s2,s3,s4,s5,s6,s7} denote seven parts comprising this product, i.e., parts 1, 

2, 3, 4, 5, 6, and 7. The set of transitions T={t1,t2,t3,t4,t5,t6,t7} denotes the removal 

operation of corresponding part. For example, t1 denotes removing part 1 denoted by s1; t2 

denotes removing parts 2 or 3 due to it is a shared transition. Arc set A={(s1,t1), (t1,s2), 

(s2,t2), (t1,s3), (s3,t2), (t2,s5), (s5,t4), (t4,s6), (t1,s4), (s4,t3), (t3,s6), (s6,t5), (t5,s7), (s7,t6), (t6,s8), 

(s8,t7), (t7,s1)}denotes the priority removal relation of various part composing this product. 
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For example, the arc {(s1,t1), (t1,s2)} denotes part 1 should be removed before part 2, 

denoted by s2. In addition, two subset of the ESPN, i.e., its “AND” and “OR” structures 

are presented in Figure 2. In “AND” structure shown in Figure 2(a), arcs {(s2,t2), (t2,s5)} 

and {(s3,t2), (t2,s5)} make up a logical “AND” relationship, which denotes part 5 can be 

removed after parts 2 and 3 are removed in a disassembly process. In “OR” structure 

shown in Figure 2(b), arcs {(s5,t4), (t4,s6)} and {(s4,t3), (t3,s6)} make up a logical “OR” 

relationship, which denotes part 6 can be removed after either part is removed [33-34]. 

Note that the place with initial marking M0 is the removal source place.  
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(a) “AND” structure                                                     (b) “OR” structure 

Figure 2. Schematic diagram of “AND” and “OR” of an ESPN 

Let   be Parikh vector. In addition, Let a disassembly decision-maker want to obtain 

part 7, based on Definition 2, there are two feasible paths, i.e.,  

Path I: 1→4→6→7; 

Path II: 1→{2,3}→5→6→7. 

Their responding firing transition sequence )(1 t  and )(2 t  are expressed as, 
)(1 t =t1t3t5t6; 
)(2 t =t1t2t4t5t6; 

Thus their Parikh vectors )(1 t


 and )(2 t


are presented next, respectively,  
)(1 t


=[1 0 1 0 1 1 0]T; 

)(2 t


=[1 1 0 1 1 1 0]T. 
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Moreover, based on the Definition 1., the removal cost Ci(ti) and actual recovery value 

Ri(ti)of ith part associated with ith transition in a feasible path are expressed as, 

respectively,  

iiii xctC )(                                    (3) 

iiiii tR )(                                  (4) 

where xi, ci, i , i , and i  are the removal time, labor cost rate, removal success rate, 

and removal value to remove ith part. 

The needed disassembly time X(t) to remove a specified part along a disassembly 

sequence fired by transition sequence   is expressed as,  

X(t)=


k

i

ix

1

=X 


                       (5) 

where k is the number of parts in a feasible disassembly path; and 
},,,,{ 21 ki xxxxX  is a matrix of removal time. As shown in Fig. 1., for path I to 

obtain part 7, X1=[x1, x2, 0, x4, x5,x6, 0], thus, based on Equation (6), the needed 

disassembly time to remove part 7 X1(t)= X1
 1


=[x1 x2 x3 x4 x5 x6 x7]  [1 0 1 0 1 1 

0]T= x1 +x3+x5+x6.  

Similarly, the needed disassembly cost C(t), recovery value R(t), and net profit B(t) to 

remove a specified part along a disassembly sequence fired by transition sequence   are 

expressed next, respectively,  

C(t)=C 


                                 (6) 

R(t)=R 


                                 (7) 

where C and R are matrixes of the removal cost and recovery value. Note that, if there 

is a “AND” structure/ shared transition in a feasible disassembly path, the removal cost 

and recovery value of responding transition should be superposed when obtaining C(t) 

and R(t). 

Thus, the net benefit/profit B(t) to remove a specified part along a disassembly 

sequence fired by transition sequence   is expressed as,  

B(t)=C(t)- R(t)= R 


- C 


=(C-R) 


                              (8) 

 

2.3. Basic Concepts 

Disassembly depth refers to the extent to which a product is disassembled. This work 

proposes the concept of disassembly ratio to measure it. 

Definition 3. Disassembly ratio is defined as the ratio between the number of parts that 

can be disassembled by a non-destructive disassembly method and the total number of 

parts comprising a whole product. Mathematically,  

%100)/(
0
 NN

d
                             (9) 

where d
N  is the number of parts that can be disassembled, and 0

N
 is the total number 

of parts comprising a whole product. Clearly, 1  denotes that a product can be 

disassembled completely. 0  means that a product cannot be disassembled. 

Disassembly ratio denotes a pre-given target of a disassembly task by a ratio.  

Definition 4. Disassemblability degree is defined as the probability for a product to 

reach a disassembly ratio given a specified time constraint.  

Let random variable X  denote the needed disassembly time for reaching a specified 

disassembly ratio  . Then the product disassemblability degree at given time x is the 

probability of random variable 
xX  , namely, 

)()( xXPxD                                 (10) 
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If )(xD  is continuous and differentiable, then the disassembly probability density 

function )(xfd  is expressed as 

dxxdDxfd /)()(                               (11) 

Namely, 

 dfxD
x

d )()(
0                         (12) 

Obviously, 1)( xD  denotes that a product certainly reaches a specified disassembly 

ratio while 0)( xD  means that a product cannot be disassembled to reach such ratio. 

Definition 5. Cost disassemblability degree is defined as the probability for a product to 

reach a disassembly depth given a specified cost constraint.  

Let random variable C  denote the needed disassembly cost to reach a specified 

disassembly ratio  . The product’s cost disassemblability degree at cost c is the 

probability of random variable cC  , 

)()( cCPcG                                   (13) 

If )(cG  is continuous and differentiable, its density function 
)(cfg  is expressed as 

dccdGcfg /)()(                                    (14) 

That is, 

 dfcG
c

g )()(
0                                   (15) 

Definition 6. Profit disassemblability degree is defined as the probability for a product 

to reach a disassembly depth obtained a specified profit constraint.  

Let random variable B  denote the obtained net profit to reach a specified disassembly 

ratio  . The product’s profit disassemblability degree at profit b is the probability of 

random variable bB  , 

)()( bBPcU                                   (16) 

If )(bU  is continuous and differentiable, its density function )(bfu  is expressed as 

dbbdGbfu /)()(                                    (17) 

That is, 

 dfbU
b

u )()(
0                                   (18) 

By taking the single target profit disassemblability degree as an example, this paper 

presents its profit evaluation models and analysis results next. 

 

3. Probability Evaluation Models of Product Disassembly Profit based 

on ESDPN  

According to defined ESDPN and disassembly evaluation parameters, four types of 

single-objective stochastic models for profit disassemblability degree analysis of product 

disassembly can be built, namely, i.e., the general maximum profit disassemblability 

degree model, the maximum profit disassemblability degree model with a disassembly 

time constraint, the maximum profit disassemblability degree model with a disassembly 

cost constraint, and the maximum profit disassemblability degree model with disassembly 

time and cost constraints. 

In ESDPN, a disassembly decision-maker hopes to seek the maximum probability of 

removing a target part in the obtained disassembly profit under limited resources. In order 

to determine the optimal disassembly sequence, it is necessary to build the general 

maximum profit disassemblability degree model for disassembly decision-making. The 

objective function of this model is written as: 
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)max( bU                                    (19) 

Subject to: 
'M = M0+D 


                             (20) 

 

4. Solution Method 

In order to solve our proposed models, a hybrid intelligent algorithm integrating 

stochastic simulation and neural networks (NN) is introduced in this paper, i.e., NN based 

simulation algorithm, in which stochastic simulation is used to estimate the related 

uncertain functions [35-37] and NN is used to fit their nonlinear fitting ability [38-42]. 

In above established models, there are three stochastic functions, namely, the 

probability of disassembly time of a disassembly process, i.e., disassemblability degree 

D ; the probability of disassembly cost of a disassembly process, i.e., cost 

disassemblability degree G ; and the probability of obtaining disassembly profit of a 

disassembly process, i.e., H . The calculation of these uncertain functions can be easily 

achieved by stochastic simulation. Please refer to our prior works in detail [21, 43]. NN is 

treated as a nonlinear mapping system composed of neurons, which are linked by 

weighted connections. It is usually compsoed of three layers: input, hidden, and output 

layers. It has strong nonlinear fitting ability, its basic knowledge can be referred to [39-

40]，[43-45]. 

Steps of NN-based stochastic evaluation algorithm are presented as follows: 

Step 1: Establish an ESDPN according to the topology and constraint relationships 

between parts of a product.  

Step 2: Initialize parameters of the NN structure, the number of training data K , 

prameters ix , ic  i , i  and i  associated with each transition in ESDPN, and set a target 

part j.  

Step 3: Based on an ESDPN and generate various firing transition sequence of target 

part, i.e, its various feasible disassembly path is obtained. 

Step 4: Based on the relationship among removal time, removal cost, removal value 

and disassembly net profit of a feasible disassembly path, generate the input-output data 

of NN training by stochastic simulation technology. If there are constraints, e.g., 

 DXtXP  })({ 0  or  GCtCP  })({ 0

 the constraints need to be checked by stochastic 

simulation.  

Step 5: Train a neural network to approximate the uncertain function, namely net profit 

function and obtain output data of disassembly net profit of the neural network.  

Step 6: Calculate the profit disassemblability degree, or profit disassemblability degree 

model with disassembly time or cost constraints, or profit disassemblability degree model 

with disassembly time and cost constraints of each feasible disassembly sequence, and 

seek their maximum value, namely )max( bU  is obtained.   

The above algorithm has been implemented in the MATLAB (R2009b) programming 

language. 

 

5. Case Study 

Consider a disassembly problem of a oil fan clutch in a vehicle as shown in Figure 3. 

According to the geometric constraint relationship, AND/OR logical relationship and 

removal state among various parts of a silicone oil fan clutch, its ESDPN is established 

and shown in Figure 4. Note that the number of bolts I and II is 6 and 8 in this clutch, 

respectively.  
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Figure 3. ESDPN Model of an Oil Fan Clutch 

In addition, the paraphrase for the transitions and places of ESDPN model of the 

silicone oil fan clutch is listed Tables I and II, respectively. Additionally, the parameters 

associated with each transition is listed Table II. Note that the unit of time is Second (s), 

the unit of labor cost is Yuan/Second, disassembly cost and net profit are Yuan. 
),( baU and ),( Logn  denote uniform and lognormal distributions, respectively. These 

distribution types result from the assumption of related work [2, 21, 46]-[50]. In addition, 

the quality condition function and the success rate of a removal operation associated with 

a transition is assumed to be ]1,0[~ U  and ]1,85.0[~ U  when executing the removal 

operation.  

 

Table 1. The Paraphrase for the Transitions and Places of ESDPN Model of 
Silicone Oil Fan Clutch 

Place Paraphrase 

s1 Part 1, i.e., check valve 
s2 Part 2, i.e., driven disc 
s3 Part 3, i.e., control valve flake 
s4 Part 4, i.e., bolt I 
s5 Part 5, i.e., valve drive pin 
s6 Part 6, i.e., bimetal temperature sensor 
s7 Part 7, i.e., front cover 
s8 Part 8, i.e., bolt II 
s9 Part 9, i.e., clutch housing 
s10 Part 10, i.e., active board 
s11 Part 11, i.e., ring 
s12 Part 12, i.e., bearing 
s13 Part 13, i.e., drive shaft 
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Table 2. Paraphrases of Each Transition and its Related Parameters ESPN 
Models of Silicone Oil Fan Clutch 

Transition Paraphrase 
Removal time 
function f(x)  

Removal 
cost rate c 

Value   

t1 Removal part 8 Logn(log(12),0.2) 0.12 2.5 
t2 Removal part 2 U(6,8) 0.1 20 
t3 Removal part 3 U(5,7) 0.1 9 
t4 Removal part 5 U(4,6) 0.1 10 
t5 Removal part 6 U(3,5) 0.1 15 
t6 Removal part 1 U(2,4) 0.1 10 
t7 Removal part 7 U(7,9) 0.1 20 
t8 Removal part 4 Logn(log(10),0.2) 0.11 2.0 
t9 Removal part 10 U(11,13) 0.1 11 
t10 Removal part 11 U(2,4) 0.1 1.5 
t11 Removal part 13 U(10,15) 0.1 13 
t12 Removal part 12 Logn(log(18),0.2) 0.13 9 
t13 Removal part 9 U(9,13) 0.1 25 

 

According to ESDPN of a silicone oil fan clutch in a vehicle, i.e., Fig. 4., there are six 

feasible paths to remove part 7 when it is disassembled, namely, 

Path I  8→3→5→7; 

Path II  8→3→6→7;  

Path III  8→3→1→7; 

Path V  8→2→3→5→7; 

Path VI  8→2→3→6→7;  

Path VII  8→2→3→1→7. 

Their responding firing transition sequence are expressed as, 

)(1 t =t1t3t4t7; 

)(2 t =t1t3t5t7; 
)(3 t =t1t3t6t7; 
)(4 t =t1t2t3t4t7; 
)(5 t =t1t2t3t5t7; 
)(6 t =t1t2t3t6t7.  

The parameters of the NN based simulation algorithm are set next in this paper: for the 

above identified Paths I, II and III, set the number of input neurons, i.e., the number of 

firing transition in a specified disassembly path 4u , while the others are 5, and the 

number of output neurons 1v , which representing one disassembly net profit function. 

Thus the number of hidden neurons is 12 by letting b=12.  The given error term value is 

0.000004. Based on the stochastic simulation, 4000 input-output data points are generated 

and obtained. Moreover, they are separated into two groups: 3000 data points for training 

and 1000 for testing. Note that the number of training data points is set to be 3000 due to 

two reasons. For one thing, too few data points make the solution of models lack accuracy. 

For another thing, too many increase the training time and response time of the solution 

model, moreover, note that the solution accuracy cannot be increased significantly with 

the increase of the number of data [37]. 

Example 1. A disassembly decision-maker hopes to get the maximum profit 

disassemblability degree to remove a target part 7 obtained 10 Yuan profit constraint. Set 

the corresponding parameters of the proposed model presented in Section III.A and use 

the proposed algorithm. The optimal solution of this problem can be obtained, namely, the 

optimal firing transition sequence is )(5 t =t1t2t3t5t7, i.e., the optimal disassembly path 
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Path VI: 8→2→3→6→7, and the maximum profit disassemblability degree is 0.914. Put 

differently, the maximum probability to remove a target part 7 obtained 10 Yuan net 

profit is 0.914 along this best disassembly sequence. 

In addition, in order to test the effectiveness of algorithms and correctness of the 

results, the calculation results of running 6 times of Example 1 of the used NN-based 

stochastic evaluation algorithm is shown in Table III. Their relative error is obtained 

shown in Table III and it is defined as ((Optimal result-Actual result)/Optimal 

result  100%), where optimal result is the maximum value of solution results of the 

model with different run times while actual results are the solution results of the model 

when the algorithm is run each time. 

 

Table 3. Comparison of Solutions of Example I 

Times Actual result Optimal result Relative error (%) 

1 0.9140 0.9250 1.10 
2 0.9210 0.9250 0.40 
3 0.9200 0.9250 0.50 
4 0.9050 0.9250 2.00 
5 0.9020 0.9250 2.30 
6 0.9250 0.9250 0.00 

 

From Table III, the maximum relative error does not exceed 2.5%. It shows that the 

used algorithm is feasible when used to proposed model.  

Additionally, to observe the effectiveness of the proposed methods, its predicted 

outputs and their output error between forecast and actual outputs of test data for the 1th 

running result on Example I are shown in Figures. 4 to 5. 
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Figure 4. Prediction Output of NN-based Stochastic Evaluation Algorithm 
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Figure 5. Error Output of NN-based Stochastic Evaluation Algorithm 

From Figures. 4 to 5, it can be seen that the prediction output and actual output are 

close, moreover, the absolute of their error does not exceed 0.3. It reveals that the 

algorithm is highly satisfactory when it is used to solve the profit disassemblability degree 

models. 

 

6. Conclusions 

Disassembly modeling and optimization is one of important topics in the 

sustainable/green manufacturing field. However, obsolete products often suffer from a 

variety of uncertainties. To handle it, this work proposes a novel extended stochastic 

disassembly Petri nets (ESPN) approach to model a disassembly process for the first time. 

According to defined ESPN and different disassembly constraints, four models for profit 

disassemblability degree analysis of product disassembly are built, namely, i.e., the 

general maximum profit disassemblability degree model. In addition, stochastic 

simulation algorithms based on NN are adopted to solve the proposed models. The results 

reveal that they are feasible when used to solve the proposed models.  

The future work is to find and use actual disassembly data to validate this method to 

provide the best decision support for disassembly practice. In addition, the evaluation and 

optimization of large-scale obsolete products should be further discussed.  
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