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Abstract

:

The disassembly of end-of-life (EoL) products is of high concern in sustainability research. It is important to obtain reasonable disassembly depth during the disassembly process. However, the overall safety of the disassembly process is not considered during the disassembly depth optimization process, which leads to an inability to accurately obtain a reasonable disassembly depth. Considering this, a multi-objective disassembly depth optimization method for EoL smartphones considering the overall safety of the disassembly process is proposed to accurately determine a reasonable disassembly depth in this study. The feasible disassembly depth for EoL smartphones is first determined. The reasonable disassembly process for EoL smartphones is then established. A multi-objective function for disassembly depth optimization for EoL smartphones is established based on the disassembly profit per unit time, the disassembly energy consumption per unit time and the overall safety rate of the disassembly process. In order to increase solution accuracy and avoid local optimization, an improved teaching–learning-based optimization algorithm (ITLBO) is proposed. The overall safety of the disassembly process, disassembly time, disassembly energy consumption and disassembly profit are used as the criteria for the fuzzy analytic hierarchy process (AHP) to evaluate the disassembly depth solution. A case of the ‘Xiaomi 4’ smartphone is used to verify the applicability of the proposed method. The results show that the searchability of the non-inferior solution and the optimal solution of the proposed method are improved. The convergence speeds of the ITLBO algorithm are 50.00%, 33.33% and 30.43% higher than those of the TLBO algorithm, and the optimal solution values of the ITLBO algorithm are 3.91%, 5.10% and 3.45% higher than those of the TLBO algorithm in three experiments of single objective optimization.






Keywords:


disassembly depth; overall safety of disassembly process; ITLBO algorithm; Fuzzy AHP












1. Introduction


The rapid development of science and technology has accelerated the speed of product updates and shortened the service life of products, resulting in a large number of end-of-life (EoL) products such as televisions and personal computers [1]. According to statistics, China produces nearly 10 million EoL smartphones every year [2] and the recycling rate for EoL smartphones in China is less than 1% [3]. Because these EoL products have not been properly treated, the accumulation of waste products results. The accumulation of waste products threatens the natural environment and wastes a lot of resources [4]. Recycling, reusing and remanufacturing EoL products not only allows the recycling of resources but also reduces environmental pollution and increases economic benefits [5]. Disassembly is a crucial step in the recycling and remanufacturing process and plays an irreplaceable role in sustainable development [6]. By analyzing the existing research, it can be seen that the partial disassembly mode is more practical than the complete disassembly mode [7]. Therefore, the partial disassembly mode has been widely accepted and adopted by disassembly enterprises [8]. However, how to reasonably secure a satisfactory disassembly depth to improve efficiency and reduce costs has always been a concern for enterprises and researchers.



As one of the prevalent and short-life (the average lifespan of a mobile phone is only 3.17 years) electrical and electronic equipment [9,10], the disassembly depth optimization problem of EoL smartphones has attracted increasing attention. At present, there are multiple studies focusing on electrical and electronic equipment wastes in terms of economic benefits and environmental impact [11,12]. In the actual disassembly process, disassembly safety is particularly important. In terms of disassembly safety, the traditional disassembly mode only focuses on the disassembly safety of some parts with high disassembly risk. To the best of our knowledge, the overall disassembly safety process that is more in line with actual production is not considered during the disassembly depth optimization process, which leads to an inability to accurately obtain a reasonable disassembly depth. Therefore, research on the disassembly depth optimization problem of EoL smartphones, considering the overall disassembly safety process, makes sense in both theoretical and practical aspects.



Given this background, a multi-objective disassembly depth optimization method for EoL smartphones considering the overall safety of the disassembly process is proposed in this work. In comparison with existing studies, this paper makes the following contributions:




	(1)

	
A multi-objective function for disassembly depth optimization of EoL smartphones is established based on disassembly profit per unit time, disassembly energy consumption per unit time and overall safety rate of the disassembly process.




	(2)

	
An improved teaching–learning-based optimization algorithm (ITLBO) is proposed with an improved teacher phase for increasing the solution accuracy and increasing the singer chaotic map to avoid local optimization.




	(3)

	
The overall safety of the disassembly process, disassembly time, disassembly energy consumption and disassembly profit are selected as the criteria for the fuzzy analytic hierarchy process (AHP) to obtain the optimal disassembly depth for EoL smartphones.









The rest of this paper is organized as follows: Section 2 reviews the relevant literature. In Section 3, a multi-objective disassembly depth optimization method for EoL smartphones considering the overall disassembly safety process is introduced. Section 4 analyzes EoL smartphone disassembly as an illustrative example. Section 5 concludes this paper and indicates future research issues.




2. Literature Review


During the disassembly optimization process, the objective function is established considering the different disassembly factors. The disassembly model is an intuitionistic method for expressing the disassembly factors. Ren et al. [13] used disassembly profit as the objective function for the partial disassembly line balancing problem. Mandolini et al. [14] assessed the best disassembly time for target components using the disassembly time model. Yang et al. [15] proposed the objective function of the disassembly line balancing problem based on the disassembly time model, the carbon dioxide emissions model and the recycling cost model. Time efficiency, energy efficiency and value efficiency are newly defined by Cao et al. [16] as optimization objectives. Lu et al. [17] proposed that profit and energy consumption should be considered as important criteria. Xu et al. [18] adopted disassembly time, disassembly cost and disassembly difficulty to evaluate the generated disassembly solution. Xing et al. [19] used the disassembly time model to consider execution time and preparation time to solve the asynchronous parallel disassembly sequence planning problem. Liu et al. [20] formulated a profit model to plan the disassembly sequence. Liang et al. [21] proposed the energy consumption model for disassembly activities for a two-sided disassembly line balance. In order to choose the best and most feasible disassembly plan, Aicha et al. [22] proposed a mathematical formulation that combines the index of quality and the index of processing time. Zeng et al. [23] established the energy consumption and profit-oriented multi-product disassembly line balancing model. Wang et al. [24] constructed the comprehensive optimization objectives model that includes minimizing the number of stations and smoothness index, maximizing disassembly profit and minimizing disassembly energy consumption. The above researchers took disassembly profit, disassembly time and environmental impacts as the disassembly optimization objectives. However, the overall safety of the disassembly process is not reasonably considered in the existing research; therefore, a multi-objective function that quantifies the overall safety of the disassembly process should be established to provide guidance for disassembly depth optimization for EoL smartphones.



In the existing literature, research on the disassembly optimization problem for EoL products mainly focuses on the solution methods. During the process of handling EoL products, Yeh et al. [25] proposed the use of the modified simplified swarm optimization algorithm to seek the optimal disassembly sequence. Xia et al. [26] presented a simplified teaching–learning-based optimization algorithm for solving disassembly sequence planning problems effectively. As the complexity of products increases, Tseng et al. [27] presented a block-based genetic algorithm for disassembly sequence planning to improve the solution quality. As the size of components increases, Xie et al. [28] proposed a modified grey wolf optimizer to obtain the optimal disassembly sequence. Tseng et al. [29,30] used a Flatworm algorithm and an improved particle swarm optimization algorithm to optimize the disassembly sequence. Lou et al. [31] proposed an improved multi-objective hybrid grey wolf optimization algorithm to obtain Pareto optimal disassembly plans. Kalayci et al. [32] proposed a hybrid genetic algorithm for the sequence-dependent disassembly line balancing problem. Considering the disassembly precedence relationships and sequence-dependent parts removal time increments, Liu et al. [33] presented an improved discrete artificial bee colony algorithm for solving the sequence-dependent disassembly line balancing problem. Liu et al. [34] designed an improved multi-objective discrete bee algorithm to solve the problem of robot disassembly line balancing. Xia et al. [35] proposed an improved adaptive simulated annealing genetic algorithm to balance the disassembly line. Xu et al. [36] proposed the improved discrete bee algorithm to obtain the optimal solution for the human–robot collaborative disassembly line balancing problem. Liang et al. [37] devised a multi-objective group teaching optimization algorithm to solve the disassembly line balancing problem. In order to improve the ease of disassembly, Giudice et al. [38] introduced a structured method for the analysis and reconfiguration of the disassembly depth. Achillas et al. [39] presented a mathematical formulation based on the cost–benefit analysis concept to determine the optimal disassembly depth for a given product. Smith et al. [40] used life cycle impact assessment tools (Simapro Eco-indicator 99) to perform cost–benefit analyses to find an optimized disassembly depth. At present, heuristic optimization algorithms with excellent performance are used for disassembly optimization by a majority of researchers. However, heuristic optimization algorithms are almost not used in the study of the disassembly depth optimization problem. This leads to difficulties in obtaining an accurate optimal disassembly depth for EoL products. Therefore, heuristic optimization algorithms with excellent performance are important for the disassembly depth optimization process.



The selection of the optimal scheme from many non-inferior schemes is difficult. As a method with reliable performance, the fuzzy AHP was used in a related study [41]. Because different products have different features, the criteria for the fuzzy AHP are also different [42]. Heo et al. [43] proposed five criteria (technological, market-related, economic, environmental and policy-related) for evaluating the renewable energy dissemination program. In order to evaluate the disassembly line balancing schemes, the task time, part demand, revenue generated, part hazardous, state of material and fragility were taken into consideration by Avikal et al. [44]. Yang et al. [15] proposed five criteria for the disassembly line balance problem as follows: workstation number, smoothness index, disassembly time, CO2 saving rate and recycling cost. Considering the selection of the fast charging station for the electric vehicle, ten related criteria (population density, shopping malls, roads, income rates, transportation stations, petrol stations, park areas, green areas, slope and land values) were proposed by Guler et al. [45]. In order to determine the optimal copper removal process, Zhou et al. [46] proposed four criteria (the total cost, stability, reaction rate and reliability) for evaluating copper removal schemes. Economic, technical, environmental and social factors were used by Sherif et al. [47] for the selection of battery recycling plant locations in sustainable environments. Tuo et al. [48] used AHP to evaluate the retention attributes of tasks based on the problem characteristics and the high-value attributes of the task (appearance and mechanical and electrical components). Disassembly time, disassembly energy consumption and disassembly profit were used by many researchers as the criteria for selecting the optimal disassembly depth for EoL smartphones. However, the overall safety of the disassembly process of EoL smartphones has been neglected. Therefore, the overall safety of the disassembly process should also be used as an important criterion for selecting the optimal disassembly depth for EoL smartphones.



The above research results have laid the foundation for research on disassembly depth optimization for EoL smartphones. However, the overall safety of the disassembly process for each disassembly depth was seldom mentioned in the above literature, which leads to an inability to accurately obtain a reasonable disassembly depth during the disassembly depth optimization process. Therefore, a multi-objective disassembly depth optimization method for EoL smartphones, considering the overall safety of the disassembly process, is proposed in this paper. We introduce this proposed method in the next section.




3. The Proposed Method


In this section, a multi-objective disassembly depth optimization method for EoL smartphones considering the overall safety of the disassembly process is proposed. The flow chart of the proposed method is shown in Figure 1.



In the first step, the feasible disassembly depth of the EoL smartphones is determined based on the precedence graph and disassembly rules. The second step is to establish a reasonable disassembly process. In the third step, a multi-objective function is established based on the disassembly profit per unit time, the disassembly energy consumption per unit time and the overall safety rate of the disassembly process. In the fourth step, the ITLBO algorithm is proposed to optimize the disassembly depth. The fifth step assesses the disassembly depth in the pareto solution set using fuzzy AHP.



3.1. Determination of the Feasible Disassembly Depth


A precedence diagram is commonly used to represent the relationships between parts of the EoL product. For example, Figure 2 shows the precedence relationship between EoL smartphone parts. The precedence constraint between two parts is connected by a unidirectional edge. The precedence matrix is obtained based on the precedence graph. For instance, part 1 is the predecessor of part 2; thus, part 1 is disassembled before part 2, and D12 = 1. Part 4 is not the predecessor of part 1; thus, part 4 is not disassembled before part 1, and D41 = 0.



The disassembly rules are used to obtain some optimized disassembly plans. The decision order of disassembly rules is rotated during disassembly sequence planning. The specific content of disassembly rules is as follows: (1) remove the part that has the highest economic benefit first; (2) remove the parts that can be removed in the same disassembly direction first; (3) remove the parts that use the same tool first; (4) remove the parts that change the small disassembly directions first.



The disassembly sequences are generated based on the precedence graph, the precedence matrix and the disassembly rules. Then, the feasible disassembly depth is obtained by dividing the disassembly stopping points of the above disassembly sequences. The specific process for determining the feasible disassembly depth is shown in Figure 3.




3.2. Establishment of the Disassembly Process


A reasonable disassembly process can improve the accuracy of the optimization model. Thus, it is important to establish a reasonable disassembly process. In this section, the disassembly process is built by analyzing the actual disassembly experiment for EoL smartphones. The specific disassembly process for EoL smartphones is shown in Figure 4.



The EoL smartphone is divided into recyclable materials, recyclable parts and remaining parts. Recyclable materials are divided into plastic materials, metal materials and mixing materials. The recyclable parts are divided into damaged parts and qualified parts. The damaged parts are treated as mixing materials. When the current disassembly depth is not the optimal disassembly depth, the remaining parts are disassembled continuously. When the current disassembly depth is the optimal disassembly depth, the remaining parts are not disassembled. The remaining parts of the optimal disassembly depth are treated as mixing materials.




3.3. Establishment of Objective Function


The main factors influencing the disassembly depth are environmental impact and economic benefits. As one of the most prevalent electronic devices, the overall disassembly safety process is also a key factor in EoL smartphones. Therefore, the disassembly profit per unit time, the disassembly energy consumption per unit time and the overall safety rate of the disassembly process are selected as the objectives for evaluating the disassembly depth of EoL smartphones. For the convenience of the research, the disassembly process should meet the following assumptions: (1) The research object is an EoL smartphone (the representative of the EoL equipment) in the disassembly table. (2) Only one main part can be disassembled at each time. (3) The disassembly is in an ideal state; the parts are not damaged during the disassembly process. (4) All parts of the EoL smartphone can be recycled.



The disassembly time model for EoL smartphones mainly considers five factors as follows: the basic disassembly time (the time of the necessary disassembly action), the tool changing time, the tool positioning time, the detection time and the tidying time.



The tool changing time for disassembling part i (ui) is determined as follows:


   u i  =  N i  v  



(1)




where v is the time required to change the disassembly tool once and Ni is the number of changing tools when part i is disassembled.



The tool positioning time for disassembling part i (hi) is determined as follows:


   h i  =  z i  m  



(2)




where zi is the constraint number for part I and m is the tool positioning time for removing a constraint.



The total disassembly time for disassembling an EoL smartphone (T) is determined as follows:


  T =   ∑  i = 1  n   (  f i  +  N i  v +  z i  m + C + J   )  



(3)




where fi is the basic disassembly time for part i, C is the tidying time for disassembling a part, J is the detection time for a part and n is the number of EoL smartphone parts.



The disassembly profit is affected by the disassembly benefit and the disassembly cost. The disassembly benefit mainly considers the benefits of recyclable materials and recyclable parts. The disassembly cost mainly considers the following factors: the procurement cost, the employee cost, the workshop rental cost, the electricity cost and the tool damaging cost.



The disassembly benefit of the recyclable parts of an EoL smartphone (B1) is determined as follows:


   B 1  =   ∑  i = 1  n   (  r i    × p )  



(4)




where ri is the price of recyclable part i and p is the quality rate of recyclable parts.



The disassembly benefit of recyclable materials in an EoL smartphone (B2) is determined as follows:


   B 2  =  Z 1   D 1  +  Z 2   D 2  +  Z 3   D 3   



(5)




where Z1 is the weight of the plastic materials, Z2 is the weight of the metal materials, Z3 is the weight of the mixing materials, D1 is the unit price for the plastic materials, D2 is the unit price for the metal materials and D3 is the unit price for the mixing materials.



The employee cost of disassembling an EoL smartphone (C2) is determined as follows:


   C 2  = T ×    k 1    3600    



(6)




where k1 is the employee cost for an hour.



The workshop rental cost for disassembling an EoL smartphone (C3) is determined as follows:


   C 3  =    k 2    d × h × 3600   ×  T a   



(7)




where k2 is the workshop rental cost for a month, a is the number of disassembly tables in a workshop, d is the number of working days in a month and h is the daily working time.



The electricity cost of disassembling an EoL smartphone (C4) is determined as follows:


   C 4  =   (  P 1  ×  t 1  +  P 2  ×  t 2  +  P 3  ×  t 3  +  P 4  ×  t 4  )   3.6 ×   10  6    × c  



(8)




where P1 is the power of the hot air gun, P2 is the power of the electric screwdriver, P3 is the power of the detector, P4 is the power of the lamp, t1 is the working time of the hot air gun, t2 is the working time of the electric screwdriver, t3 is the working time of the detector, t4 is the working time of the lamp and c is the price per kilowatt-hour of electricity. The units for P1, P2, P3 and P4 is watt.



The tool damaging cost of disassembling an EoL smartphone (C5) is determined as follows:


   C 5  =   ∑  l = 1  q      u l  ×  g l       



(9)




where q is the number of tools, ul is the time spent using the tool l and gl is the tool damage cost of using tool l once.



The total profit of disassembling an EoL smartphone (L) is determined as follows:


  L =  B 1  +  B 2  −  C 1  −  C 2  −  C 3  −  C 4  −  C 5   



(10)




where C1 is the procurement cost.



The disassembly profit per unit time of disassembling an EoL smartphone (L1) is determined as follow:


   L 1  =  L T   



(11)







Through the actual disassembly experiment and by analyzing the disassembly of EoL smartphones, we think that disassembly energy consumption mainly comes from the following five aspects: using the suction cups, moving tools and parts, disassembling the board to board (BTB) connectors, disassembling the buckle and using the electric equipment. Therefore, the disassembly energy consumption model is constructed based on the following aspects: energy consumption when using the suction cups, energy consumption by moving tools and parts, energy consumption when disassembling the BTB connectors, energy consumption for disassembling the buckle, and energy consumption when using the electric equipment.



The suction cup is only used to remove the back cover. The energy consumed when using the suction cups (M1) is determined as follows:


   M 1  =  F 1  ×  H 1   



(12)




where F1 is the traction generated using the suction cup and H1 is the distance of moving the suction cup. The unit of measurement of F1 is Newton.



The energy consumed by moving tools and parts (M2) is determined as follows:


   M 2  =   ∑  k = 1    m 2      F  2 k   ×  H  2 k      



(13)




where F2k is the force of moving tools and parts k, H2k is the distance of moving tools and parts k, m2 is the number of tools and parts and m2 is the sum of the number of tools (q) and the number of parts (n). The unit of measurement of F2k is Newton.



The energy consumption during disassembling of the BTB connectors (M3) is determined as follows:


   M 3  =   ∑  e = 1    m 3        E c   H  3 e     t  1 e   3   H   4 e   2    8  H  5 e  3       



(14)




where m3 is the number of BTB connectors, Ec is the elastic modulus, H3e is the connection position width of the BTB connector e, t1e is the connection position thickness of the BTB connector e, H4e is the height of the BTB connector e and H5e is the length of the connector e.



The energy consumption during disassembling of the buckle (M4) is determined as follows:


   M 4  =   ∑  f = 1    m 4      F  6 f   ×  H  6 f      



(15)




where m4 is the number of buckle f, F6f is the force of disassembling buckle f and H6f is the distance of disassembling buckle f. The unit of measurement of F6f is Newton.



The energy consumption when using the electric equipment (M5) is determined as follows:


   M 5  =  P 1  ×  t 1  +  P 2  ×  t 2  +  P 3  ×  t 3  +  P 4  ×  t 4   



(16)







The total disassembly energy consumption when disassembling an EoL smartphone (M) is determined as follows:


  M =  M 1  +  M 2  +  M 3  +  M 4  +  M 5   



(17)







The disassembly energy consumption per unit time of disassembling an EoL smartphone (M6) is determined as follows:


   M 6  =  M T   



(18)







By analyzing the disassembly process of EoL smartphones, we found that the temperature of the disassembly environment, the accuracy of the tool positioning, the heat dissipation performance of the disassembly tool and the risky degree of parts are the main factors influencing the disassembly safety of each part. Therefore, the model for the overall safety of the disassembly process for disassembling an EoL smartphone is constructed considering the above four factors. Four factors influencing disassembly are defined as follows: (1) The disassembly process is considered risky when the temperature of the disassembly environment is higher than 60 °C. (2) The disassembly process is considered risky when the positioning of the tool is biased. (3) The disassembly process is considered risky when the temperature of the disassembly tool is higher than 55 °C. (4) The disassembly process is considered risky when the operator is injured by the parts. The rate of risk of disassembling each part is determined using the disassembly experiment. Three operators with a similar disassembly experience are divided into three groups. The operator of every group disassembles the same part and repeats this W times. The number of risky disassembly experiments in every group is recorded.



The rate of risk of disassembling part i (Ai) is determined as follows:


   A i  =        w  1 i    W  +    w  2 i    W  +    w  3 i    W     3  ×  100 %   



(19)




where w1i is the risky number of disassembling part i in the first disassembly experiment group, w2i is the risky number of disassembling part i in the second disassembly experiment group and w3i is the risky number of disassembling part i in the third disassembly experiment group.



The overall safety rate of the disassembly process when disassembling an EoL smartphone (O) is determined as follows:


  O =   ∏  i = 1    m 5       1 −  A i      ×  100 %   



(20)




where m5 is the number of disassembling parts at each disassembly depth.



The disassembly profit per unit time, the disassembly energy consumption per unit time and the overall safety rate of the disassembly process are selected as the optimization objectives. The objective function (f(x)) is constructed as follows:


  min f ( x ) = min    1 O  ,  1   L 1    ,  M 6     



(21)








3.4. Optimization of Disassembly Depth


The TLBO algorithm is proposed based on inspiration from the teaching and learning process. Teacher and learners are the two vital components of the algorithm and describe the two basic modes of learning through the teacher phase and the learner phase. Because the TLBO algorithm is only needed to set the initial parameters and the solution process of the TLBO algorithm is simple, the TLBO algorithm is widely used. Therefore, the ITLBO algorithm is proposed for solving the multi-objective disassembly depth optimization problem of EoL smartphones in this section. In order to avoid falling into the local optimum, the Singer chaotic map is used in the population initialization of the ITLBO algorithm. In the teacher phase of the ITLBO algorithm, the nonlinear convergence factor is used to increase the searchability and solution accuracy. The pareto solution set is used to obtain the disassembly depth that can consider multiple objectives of the EoL smartphones. The flow chart of the ITLBO algorithm is shown in Figure 5.



The content of the ITLBO algorithm is specifically explained based on the disassembly depth optimization problem of the EoL smartphones. The best solution (the optimal disassembly depth) is considered the teacher. All feasible disassembly depths are considered as the learners. The decision variables are the three factors in the objective function in Section 3.3. The search space is the value range of the above three factors. By analyzing the actual disassembly requirements of EoL smartphones, the range of the search space for disassembly profit per unit time should be greater than 0 and the range of the search space for the overall disassembly safety process rate should be greater than 70%. The implementation steps of the ITLBO are summarized as follows.



	(1)

	
The parameter initialization. In order to avoid falling into local optimum, the singer chaotic map is used. The equation for the singer chaotic map [49] is determined as follows:


   x  k + 1   = u   7.86  x k  − 23.31   x k  2  + 28.75   x k  3  − 13.302875   x k  4    , u ∈   0.9 , 1.08    



(22)




where xk is the value of the kth singer chaotic map and u is the coefficient of the singer chaotic map.




	(2)

	
The teacher phase. In this phase, learners learn through a teacher. In order to increase searchability and solution accuracy, the nonlinear convergence factor is used. The equation for the nonlinear convergence factor is determined as follows:


   X  new  i  =  X  old  i  + K (  X  teacher   − T F ⋅ M e a n )  



(23)






  T F =  2  lg 2   × lg   2 −      t   t  max        2     



(24)




where Xinew is the result of the ith learner after learning, Xiold is the result of the ith student before learning, Xteacher is the result of the teacher, Mean is the mean of all learners, TF is the teaching factor, K is the random number in the range [0, 1], t is the current number of iterations and tmax is the maximum number of iterations.




	(3)

	
The learner phase. The learners increase their knowledge by interacting with each other. A learner interacts randomly with others to enhance their knowledge. The principle [50] is determined as follows:


   X N i  =      X i  + K (  X i  −  X j  ) ,       T (  X j  ) < T (  X i  )      X i  + K (  X j  −  X i  ) ,       T (  X i  ) < T (  X j  )      



(25)




where Xi is the result for learner i, Xj is the result for learner j, XiN is the new result for learner i after the learner phase, T(Xi) is the fitness value of Xi and T(Xj) is the fitness value of Xj.




	(4)

	
The pareto solution set. All non-inferior solutions of the disassembly depth are output. The pareto solution set can provide solutions for the multi-objective disassembly depth optimization problem of EoL smartphones.








3.5. The Assessment of Disassembly Depth


It is difficult to compare the advantages and disadvantages of the pareto solution in the solution set. For the disassembly problem, we should select the optimal disassembly depth. Fuzzy AHP is widely applied to address the uncertainty of decision-making and has been applied in many fields. Fuzzy AHP has obvious advantages in computational time, simplicity and stability. Therefore, fuzzy AHP is selected for assessment of the disassembly depth.



During the actual disassembling process, the disassembly time and the disassembly profit are considered to be the most important factors. The disassembly energy consumption is concerned with environmental protection issues. Moreover, the overall disassembly safety process should also be taken seriously. Therefore, disassembly time, disassembly energy consumption, disassembly profit and the overall safety of the disassembly process are selected as the criteria. The structural hierarchy of multi-objective disassembly depth decisions for EoL smartphones is shown in Figure 6. The fuzzy judgment matrix Q of the standard layers can be obtained as shown in Equation (26).


  Q =        q  11        q  12        q  13        q  14          q  21        q  22        q  23        q  24          q  31        q  32        q  33        q  34          q  41        q  42        q  43        q  44          



(26)







The elements of the fuzzy judgment matrix Q are determined based on the scale of the fuzzy AHP value. The 0.1–0.9 nine-level scale method is the maximum number of grades that people can accept. Thus, the 0.1–0.9 nine-level scale method is applied to the scale of the fuzzy AHP value. The weights of the criteria are determined based on the fuzzy judgment matrix Q and the specific steps are as follows.



Firstly, the fuzzy judgment matrix Q is summed by rows; the formula for its calculation is:


   Q y  =   ∑  k = 1    m 6      q  y k      



(27)




where Qy is the sum of row y of the fuzzy judgment matrix Q and m6 is the number of the criterion.



Then, the weight coefficient is calculated based on the following equation:


   X y  =    Q y  − 2 −  m 6     m 6     m 6  − 1      



(28)




where Xy is the weight coefficient of row y.



Finally, the determinant of the weight coefficient ri is determined as follows:


  r i =        X 1  ,      X 2  ,    ⋯     X   m 6           



(29)







In order to verify whether the obtained weight is reliable, the fuzzy consistent matrix G is obtained. The specific treatment method is determined as follows:


   G  y k   =      m 6  − 1      X y  −  X k     2  + 0.5  



(30)







CI is calculated using the following equation. When CI < 0.1, it means that the data meets the requirements for fuzzy consistency. The average index for randomly generated weights R is set to 0.9 [15].


  C I =     ∑  y = 1    m 6       ∑  k = 1    m 6        G  y k   −  q  y k             m 6  2  R    



(31)









4. Experiment and Discussion


4.1. Fundamental Data


The EoL smartphone, namely ‘Xiaomi 4’, was selected as an example to verify the applicability of the proposed method. The relevant information for ‘Xiaomi 4’ was obtained using the disassembly experiment. The disassembly parts graph for ‘Xiaomi 4’ is shown in Figure 7, and contains 11 main parts of ‘Xiaomi 4’ and their numbers. The precedence graph of ‘Xiaomi 4’, which shows the precedence constraint relationship between the 11 main parts of ‘Xiaomi 4’, is shown in Figure 8. In addition, the basic information for ‘Xiaomi 4’ is shown in Table 1. The disassembly tool information is shown in Table 2. In Table 1, the weight of the parts is measured using the electronic scale, and the recycling price for parts is obtained through market research; the price of the parts may fluctuate. Because relative comparison is used in this study, the results of the study will not be affected by the recycling price of parts. In Table 2, the weight of the disassembly tool is measured using the electronic scale and the tool damage cost is estimated using the wholesale purchase prices and service life statistics. The wholesale purchase price and service life statistics are obtained through market research. The feasible disassembly depth of ‘Xiaomi 4’ is determined based on the precedence graph for ‘Xiaomi 4’, the basic information for ‘Xiaomi 4’ and the disassembly rules.



The disassembly time, the disassembly energy consumption, the disassembly profit and the overall safety of the disassembly process for each disassembly depth are calculated based on the established model. In order to improve the accuracy of the calculation, the quantitative parameters for ‘Xiaomi 4’ are shown in Table 3. The quantitative parameters for ‘Xiaomi 4’ are determined using the disassembly experiments and market research. Three operators with similar disassembly experiences are divided into groups A, B and C. The operator of every group disassembles the same part and repeats this 20 times (there are 20 experiments in each group). The number of risky disassembly experiments in every group is recorded. The risky disassembly probability for each part of ‘Xiaomi 4’ is shown in Table 4.




4.2. Results


The program is developed using Matlab2019b and its running environment is Intel®coreli7@2.3GHZ, RAM16.00Gn, win7 system. Based on the practicability of disassembly, the population size is set to 15 and the iteration number is set to 100. The disassembly depth non-inferior solution set for ‘Xiaomi 4’ is obtained as shown in Table 5. In order to show the results in Table 5 intuitively, the spatial distribution of the non-inferior solution is shown in Figure 9. The number in Figure 9 corresponds to the number of disassembly depths in Table 5.



Based on the four criteria, the fuzzy judgment matrix Q of the standard layers can be obtained as shown in Table 6. The method used to obtain the values in Table 6 is as follows: three researchers with disassembly experience compared the importance of all evaluation indexes at the same level and got consistent results. The values in Table 6 were then assigned according to the assignment criteria of the 0.1–0.9 nine-level scale method. The results of the weight coefficients and the CI are shown in Table 7. Due to the degree of inconsistency within the allowable range (CI = 0.09805 < 0.1), the result of this decision is credible. The weights of the impact of each criterion on each scheme are synthesized and the relevant information on data processing is shown in Table 8. By analyzing the comprehensive sort of Table 8, the optimal disassembly depth for ‘Xiaomi 4’ is disassembly depth 3 (SIM card tray–Back cover–Middle frame–Front-facing camera–Flashlight–Motherboard–Back camera) and disassembly depth 7 (SIM card tray–Back cover–Middle frame–Flashlight– Front-facing camera–Motherboard–Back camera).




4.3. Analysis of Results and Discussion


In order to verify the applicability of the method proposed in this paper, the existing disassembly depth optimization methods in [39,40] were selected for comparison. In the experiment, the disassembly depth optimization method in [39] (select the disassembly depth with the maximum total disassembly profit in all disassembly depths) is set as group A. The disassembly depth optimization method in [40] (select the disassembly depth with a maximum total disassembly profit of more than 85% and maximum total disassembly energy consumption of less than 70% in all disassembly depths) is set as group B. The disassembly depth optimization method proposed in this paper is set as group C. The disassembly depth optimization results of ‘Xiaomi 4’ are shown in Table 9.



The number of non-inferior solutions is increased by eight in group C compared with the results in group A. The number of optimal solutions is increased by two in group C compared with the results in group A. The results of the comparison demonstrate that the searchability of the non-inferior solution and the optimal solution is improved in group C compared with the results in group A. Compared with the results in group B, the number of non-inferior solutions is increased by seven in group C. Compared with the results in group B, the number of optimal solutions is increased by two in group C. The results of the comparison show that group C is better than group B at improving the searchability of the non-inferior solution and the optimal solution. In summary, the searchability of the non-inferior solution and the optimal solution of the method proposed in this paper is superior to the methods in [39,40].



In order to verify the applicability of the ITLBO algorithm in this paper, the existing TLBO algorithm is selected for comparison. The EoL smartphone ‘Xiaomi 4’ is selected as the case. The parameters of the ITLBO algorithm and the TLBO algorithm are set to the same value (the population size is set to 15 and the iteration number is set to 100). The disassembly profit per unit time, the disassembly energy consumption per unit time and the overall safety rate of the disassembly process are selected as optimization objectives. Each algorithm is iterated 10 times. Figure 10 shows the relationship between the average value of the minimum disassembly energy consumption per unit time and the iteration number of the program. Figure 11 shows the relationship between the average value of the maximum disassembly profit per unit of time and the iteration number of the program. Figure 12 shows the relationship between the average value of the maximum overall disassembly safety rate and the iteration number of the program.



During the process of searching for the optimal disassembly energy consumption per unit time, it can be seen from Figure 10 that the ITLBO algorithm tends to converge in the 35th generation, while the TLBO algorithm tends to converge in the 70th generation. Compared with the TLBO algorithm, the convergence speed of the ITLBO algorithm is increased by 50.00%. Moreover, it can be seen from Figure 10 that the minimum disassembly energy consumption per unit time obtained by the TLBO algorithm is 22.3968 J·t−1, while the minimum disassembly energy consumption per unit time obtained by the ITLBO algorithm is 21.5224 J·t−1. Compared with the TLBO algorithm, the minimum disassembly energy consumption per unit time by the ITLBO algorithm is reduced by 3.91%.



In the process of searching for the optimal disassembly profit per unit time, it can be seen from Figure 11 that the ITLBO algorithm tends to converge in the 40th generation, while the TLBO algorithm tends to converge in the 60th generation. Compared with the TLBO algorithm, the convergence speed of the ITLBO algorithm increased by 33.33%. Moreover, it can be seen from Figure 11 that the maximum disassembly profit per unit time obtained by the TLBO algorithm is 0.1764 ¥·t−1, while the maximum disassembly profit per unit time obtained by the ITLBO algorithm is 0.1854 ¥·t−1. Compared with the TLBO algorithm, the maximum disassembly profit per unit of time obtained by the ITLBO algorithm increased by 5.10%.



In the process of searching for the optimal overall safety rate of the disassembly process, it can be seen from Figure 12 that the ITLBO algorithm tends to converge in the 32nd generation, while the TLBO algorithm tends to converge in the 46th generation. Compared with the TLBO algorithm, the convergence speed of the ITLBO algorithm increased by 30.43%. Moreover, it can be seen from Figure 12 that the maximum overall disassembly safety rate obtained by the TLBO algorithm is 93.45%, while the maximum overall disassembly safety rate obtained by the ITLBO algorithm is 96.67%. Compared with the TLBO algorithm, the maximum overall disassembly safety rate of the ITLBO algorithm increased by 3.45%. In summary, the convergence speed and solution accuracy of the ITLBO algorithm are superior to those of the TLBO algorithm.



From the case study and the above analysis, the proposed method can effectively determine the optimal disassembly depth of EoL smartphones. Although we have successfully applied the proposed method to EoL smartphones, there are some limitations to this proposed method. Firstly, we assume that the disassembly is in an ideal state and the parts are not damaged during the disassembly process. In order to obtain more accurate results, it is important to reasonably consider the damage rate during the disassembly process. Then, it is important to choose a more reasonable criterion for fuzzy AHP for the EoL smartphones. Moreover, an EoL smartphone, namely ‘Xiaomi 4’, was selected as an example of multiple waste electronic products in this paper. In order to prove the effectiveness and high utilization rate of the method, it is important to study other old equipment to determine the application range for the proposed method.





5. Conclusions


With the explosion in the number of waste electrical and electronic equipment, it is particularly important to reduce the influence of electrical and electronic equipment waste via disassembly planning. One of the most crucial domains within disassembly research is the intricate challenge of securing a satisfactory disassembly depth. Unfortunately, the overall disassembly safety process is not considered in the disassembly depth optimization process, which leads to an inability to accurately obtain a reasonable disassembly depth. Therefore, a multi-objective disassembly depth optimization method for EoL smartphones, considering the overall safety of the disassembly process, is proposed. In this study, a multi-objective function for disassembly depth optimization of EoL smartphones is established based on disassembly profit per unit time, disassembly energy consumption per unit time and overall disassembly safety process rate. In order to increase the solution accuracy and avoid local optimization, an improved teaching–learning-based optimization algorithm is proposed. The overall disassembly safety process, disassembly time, disassembly energy consumption and disassembly profit are selected as the criteria for fuzzy AHP to obtain the optimal disassembly depth for EoL smartphones. A case of the ‘Xiaomi 4’ is studied to verify the applicability of the proposed method. The key observations obtained from the results of the experiments can be summarized as follows.



	(a)

	
The numbers of non-inferior solutions and optimal solutions obtained using the method proposed in this paper are superior to the methods in [39,40]. The searchability of the non-inferior solution and the optimal solution of the method proposed in this paper is significant.




	(b)

	
In the process of searching for the optimal objective, the convergence speeds for the ITLBO algorithm were 50.00%, 33.33% and 30.43% higher than for the TLBO algorithm. This shows that the ITLBO algorithm is more effective than the TLBO algorithm at improving the convergence speed when searching for the optimal objective.




	(c)

	
In the process of searching for the optimal objective, the optimal solution values of the ITLBO algorithm were 3.91%, 5.10% and 3.45% higher than for the TLBO algorithm. This shows that the ITLBO algorithm is more effective than the TLBO algorithm at improving the solution accuracy of searching for the optimal objective.







This paper is only a preliminary exploration of multi-objective disassembly depth optimization problems for EoL smartphones, considering the overall safety of the disassembly process. Further research is needed on carbon dioxide emissions and the disassembly damage rate of the disassembly process. Optimizing the disassembly depth based on the disassembly workshop is a future research direction.
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Figure 1. The flow chart of the proposed method. 
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Figure 2. Precedence graph and precedence matrix. 
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Figure 3. The process graph for determining the feasible disassembly depth. 
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Figure 4. The disassembly process for EoL smartphones. 
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Figure 5. The flow chart of the ITLBO algorithm. 
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Figure 6. The structural hierarchy of multi-objective disassembly depth decisions. 
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Figure 7. The disassembly parts graph for ‘Xiaomi 4’. 
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Figure 8. The precedence graph for ‘Xiaomi 4’. 
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Figure 9. The spatial distribution of the non-inferior solution. 
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Figure 10. The average value of the minimum disassembly energy consumption per unit of time versus the number of iterations. 
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Figure 11. The average value of the maximum disassembly profit per unit time versus the number of iterations. 
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Figure 12. The average value of the maximum overall safety rate of the disassembly process versus the number of iterations. 
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Table 1. The basic information for ‘Xiaomi 4’.
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	Part No.
	Part Name
	The Disassembly Direction
	Constraint/Quantity
	The Disassembly Tool
	Weight (g)
	The Basic Disassembly Time (s)
	The Price (¥)





	1
	SIM card tray
	+X
	Buckle/1
	Retrieve card pin
	0.9
	2.00
	0.01



	2
	Back cover
	+Z
	Buckle/1
	Stick–suction cups
	11.2
	15.50
	0.80



	3
	Middle frame
	+Z
	Screws/10, buckle/1
	Electric screwdriver–stick–tweezer
	10.6
	45.00
	0.20



	4
	Flashlight
	−Z
	Screws/3
	Electric screwdriver–tweezer
	0.7
	12.50
	3.50



	5
	Front-facing camera
	+Z
	BTB/1
	Stick–tweezer
	0.3
	6.00
	15.00



	6
	Battery
	+Z
	BTB/1, sealant/1
	Heating gun–stick–tweezer
	46.0
	65.00
	11.50



	7
	Motherboard
	+Z
	Buckle/2
	Stick–tweezer
	14.1
	16.00
	45.00



	8
	Back camera
	−Z
	BTB/1
	Stick–tweezer
	0.7
	8.00
	22.00



	9
	Receiver
	+Z
	Buckle/1
	Stick–tweezer
	0.7
	6.40
	1.20



	10
	Tail plate
	+Z
	Sealant/1, screws/3
	Electric screwdriver–Heating gun–tweezer
	2.8
	35.70
	25.00



	11
	Screen
	−Z
	Sealant/1
	Heating gun–tweezer–stick
	62.6
	80.00
	1.30










 





Table 2. Disassembly tool information.
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	Tool Name
	Weight (g)
	Power (W)
	The Tool Damage Cost for Each Use (¥)





	Retrieve card pin
	0.2
	—
	0.005



	Electric screwdriver
	248.1
	50
	0.01



	Heating gun
	210.6
	300
	0.01



	Stick
	18.6
	—
	0.01



	Tweezer
	12.8
	—
	0.002



	Suction cups
	2.1
	—
	0.005



	Detector
	—
	5
	—



	Lamp
	—
	15
	—










 





Table 3. The quantitative parameters of ‘Xiaomi 4’.
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The Quantitative Parameters

	
Value

	
Unit

	
Data Source






	
The disassembly time for disassembling a screw

	
2.00

	
(s)

	
Disassembly experiments




	
The time required to change the disassembly tool once

	
3.00

	
(s)




	
The tool positioning time

	
1.50

	
(s)




	
The detection time for a part

	
7.00

	
(s)




	
The tidying time for disassembling a part

	
4.50

	
(s)




	
The heating time for disassembling the tail plate

	
15.00

	
(s)




	
The heating time for disassembling the battery

	
45.00

	
(s)




	
The heating time for disassembling the screen

	
55.00

	
(s)




	
The weight of a screw

	
0.15

	
(g)




	
The quality rate of recyclable parts

	
95.00%

	
—

	
Market research




	
The recycling price of metal materials

	
4500.00

	
(¥·t−1)




	
The recycling price of mixing materials

	
4000.00

	
(¥·t−1)




	
The recycling price of plastic materials

	
2200.00

	
(¥·t−1)




	
The purchase cost of EoL ‘Xiaomi 4’

	
35.00

	
(¥)




	
The employee cost

	
32.00

	
(¥·h−1)




	
The employee’s working time

	
8.00, 22.00

	
(h·d−1, d·m−1)




	
The workshop rental cost

	
4000.00

	
(¥·m−1)




	
The number of disassembly tables

	
10

	
—




	
The price per kilowatt-hour of electricity

	
1.00

	
(¥·(kw·h) −1)




	
The disassembly energy consumption for disassembling a screw

	
0.01

	
(J)

	
Disassembly experiments




	
The disassembly energy consumption for disassembling a BTB

	
0.03

	
(J)




	
The disassembly energy consumption for disassembling a back cover

	
0.42

	
(J)




	
Energy consumption for moving a part

	
11.50

	
(J)




	
Energy consumption for moving a tool

	
15.00

	
(J)




	
The disassembly energy consumption for disassembling a SIM card tray

	
0.03

	
(J)




	
The disassembly energy consumption for disassembling a buckle

	
0.20

	
(J)











 





Table 4. The risky disassembly probability of each part of ‘Xiaomi 4’.






Table 4. The risky disassembly probability of each part of ‘Xiaomi 4’.





	
Part No.

	
Group A

	
Group B

	
Group C

	
The Risky Disassembly Probability




	
The Number of Risky Disassembly Experiments

	
The Number of Disassembly Experiments

	
The Number of Risky Disassembly Experiments

	
The Number of Disassembly Experiments

	
The Number of Risky Disassembly Experiments

	
The Number of Disassembly Experiments






	
1

	
1

	
20

	
0

	
20

	
1

	
20

	
3.33%




	
2

	
0

	
20

	
1

	
20

	
1

	
20

	
3.33%




	
3

	
1

	
20

	
1

	
20

	
1

	
20

	
5.00%




	
4

	
0

	
20

	
1

	
20

	
0

	
20

	
1.67%




	
5

	
0

	
20

	
0

	
20

	
1

	
20

	
1.67%




	
6

	
1

	
20

	
2

	
20

	
1

	
20

	
6.67%




	
7

	
1

	
20

	
0

	
20

	
1

	
20

	
3.33%




	
8

	
0

	
20

	
1

	
20

	
0

	
20

	
1.67%




	
9

	
1

	
20

	
1

	
20

	
0

	
20

	
3.33%




	
10

	
1

	
20

	
1

	
20

	
1

	
20

	
5.00%




	
11

	
2

	
20

	
2

	
20

	
1

	
20

	
8.33%











 





Table 5. The disassembly depth non-inferior solution set for ‘Xiaomi 4’.






Table 5. The disassembly depth non-inferior solution set for ‘Xiaomi 4’.





	Disassembly Depth No.
	Disassembly Depth
	Disassembly Profit per unit Time (¥·t−1)
	Disassembly Energy Consumption per Unit Time (J·t−1)
	The Overall Disassembly Safety Process Rate





	1
	1-2-3-5-6-10-4-7-8
	0.1854
	63.3579
	72.3439%



	2
	1-2-3-5-4-7
	0.1024
	22.3968
	82.9795%



	3
	1-2-3-5-4-7-8
	0.1688
	21.8929
	81.5937%



	4
	1-2-3-5-4-7-8-9
	0.1565
	21.5224
	78.8767%



	5
	1-2-3-5-4-7-9-8
	0.1565
	21.5224
	78.8767%



	6
	1-2-3-4-5-7
	0.1024
	22.3968
	82.9795%



	7
	1-2-3-4-5-7-8
	0.1688
	21.8929
	81.5937%



	8
	1-2-3-4-5-7-8-9
	0.1565
	21.5224
	78.8767%










 





Table 6. The fuzzy judgment matrix Q of the standard layers.






Table 6. The fuzzy judgment matrix Q of the standard layers.





	Criteria
	E1
	E2
	E3
	E4





	E1
	0.5
	0.2
	0.6
	0.3



	E2
	0.8
	0.5
	0.7
	0.6



	E3
	0.4
	0.3
	0.5
	0.4



	E4
	0.7
	0.4
	0.6
	0.5










 





Table 7. The results of the weight coefficient and the CI.






Table 7. The results of the weight coefficient and the CI.





	
Criteria

	
Weights

	






	
E1

	
0.2167

	
CI = 0.09805




	
E2

	
0.3




	
E3

	
0.2167




	
E4

	
0.2667











 





Table 8. The weighted decision data.






Table 8. The weighted decision data.





	
Criteria

	
E1

	
E2

	
E3

	
E4

	
Comprehensive Sort




	
Weight

	
0.2167

	
0.3

	
0.2167

	
0.2667






	
Pareto solution

	
Disassembly depth 1

	
0.1018

	
0.0929

	
0.15

	
0.1018

	
0.1095




	
Disassembly depth 2

	
0.15

	
0.1125

	
0.1071

	
0.1446

	
0.1280




	
Disassembly depth 3

	
0.1304

	
0.1268

	
0.1357

	
0.1304

	
0.1305




	
Disassembly depth 4

	
0.1125

	
0.1429

	
0.1214

	
0.1161

	
0.1245




	
Disassembly depth 5

	
0.1125

	
0.1429

	
0.1214

	
0.1161

	
0.1245




	
Disassembly depth 6

	
0.15

	
0.1125

	
0.1071

	
0.1446

	
0.1280




	
Disassembly depth 7

	
0.1304

	
0.1268

	
0.1357

	
0.1304

	
0.1305




	
Disassembly depth 8

	
0.1089

	
0.1429

	
0.1214

	
0.1161

	
0.1237











 





Table 9. The disassembly depth optimization results for ‘Xiaomi 4’.






Table 9. The disassembly depth optimization results for ‘Xiaomi 4’.





	
Group

	
The Disassembly Depth

	
The non-Inferior Solution

	
The Optimal Solution

	
Disassembly Profit per Unit Time (¥·t−1)

	
Disassembly Energy Consumption per unit Time (J·t−1)

	
The overall Disassembly Safety Process Rate






	
A

	
1-2-3-5-6-10-4-7-8-9

	
×

	
×

	
0.1764

	
60.6200

	
69.94%




	
B

	
1-2-3-5-6-10-4-7-8

	
√

	
×

	
0.1854

	
63.3579

	
72.3439%




	
1-2-3-5-6-10-4-7-8-9

	
×

	
×

	
0.1764

	
60.6200

	
69.94%




	
1-2-3-5-6-10-4-7-9-8

	
×

	
×

	
0.1764

	
60.6200

	
69.94%




	
1-2-3-5-4-7-8-9-6-10

	
×

	
×

	
0.1764

	
60.6200

	
69.94%




	
1-2-3-5-4-7-9-8-6-10

	
×

	
×

	
0.1764

	
60.6200

	
69.94%




	
1-2-3-4-5-7-8-9-6-10

	
×

	
×

	
0.1764

	
60.6200

	
69.94%




	
C

	
1-2-3-5-6-10-4-7-8

	
√

	
×

	
0.1854

	
63.3579

	
72.3439%




	
1-2-3-5-4-7

	
√

	
×

	
0.1024

	
22.3968

	
82.9795%




	
1-2-3-5-4-7-8

	
√

	
√

	
0.1688

	
21.8929

	
81.5937%




	
1-2-3-5-4-7-8-9

	
√

	
×

	
0.1565

	
21.5224

	
78.8767%




	
1-2-3-5-4-7-9-8

	
√

	
×

	
0.1565

	
21.5224

	
78.8767%




	
1-2-3-4-5-7

	
√

	
×

	
0.1024

	
22.3968

	
82.9795%




	
1-2-3-4-5-7-8

	
√

	
√

	
0.1688

	
21.8929

	
81.5937%




	
1-2-3-4-5-7-8-9

	
√

	
×

	
0.1565

	
21.5224

	
78.8767%
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