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Abstract
Assembly Production Systems (ASPS) are used to assemble complex components in manufacturing industries such
as automobile production, aviation, mechanical equipment, electronic goods and household items. Importantly, ASPS
may, in a single production process, merge two or more serial production lines. Contrastingly, disassembly systems
(DisASPS), with split lines, are employed to disassemble/systematically remove constituent parts from the final
product, without impairment. The buffer size of the bay in front of each machine tool should be optimized for an
efficient ASPS or DisASPS. The characteristics of machine tools, including their uptimes and downtimes, have a
significant impact on decisions concerning buffer size and subsequently on the production rate of an ASPS or
DisASPS. Optimum buffer size can achieve a high production rate which enhances the performance and operation of
the entire production system. This research presents an effective method for determining optimal and near optimal
design for assembly and disassembly production systems. The proposed model optimizes the buffer size among each
couple of machine tools in the ASPS and DisAPS for any given uptime and downtime parameters of the machine
tools. A Genetic Algorithms (GA)-based optimization model is used to determine the optimal values of buffer size for
serial production lines in the production systems. The numerical examples performed in the research validated the
ability of the optimization model in determining the buffer size. Optimized selection can be carried out quickly as
compared to previous selection techniques. Moreover, the proposed algorithm can back the manufacturing engineer’s
decision-making while development stage of new ASPS or DisASPS.
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1. Introduction
Short product cycles and a greater need for customized items based on consumer demands are two key
characteristics of the present competitive market. As a result, there has been a substantial growth in product variety.
To meet these requirements is challenging using typical production and assembly lines (Villarreal and Alanís 2011).
The assembly line is a discrete event system, which is widely used in manufacturing. It is an efficient combination of
man and machine that fully reflects equipment adaptability by naturally combining the conveying system,
accompanying jig, and testing equipment to meet product assembly requirements (Huang 2012). A serial production
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line comprises machines or cells which are ordered serially with buffers placed between them and work-in-progress
parts sequentially move through them (Sabuncuoglu et al. 2012). The fundamental purpose of installing loading
buffers is to allow serial machines to run independently of one another (Demir et al. 2014). This decreases the impact
of interruptions occurring in system and reduces idle time, which consequently rises the production rate of the line
(Demir et al. 2014). Hence, effective buffer allocation is necessary in manufacturing systems even though buffer
inclusion requires more capital investment, floor space and work in process inventories.
ASPS are established to assemble the different parts produced by multiple serial production lines. For optimal
usage it may then merge and undertake additional operations in a single serial production line to finalize the products
(Michalos et al. 2015). These systems are very common in modern industrial manufacturing sectors. Disassembly
production systems (DisASPS), with split production lines, are also common in industry. They are employed to
systematically remove the components of a final product, with no impairment (Westkämper 2003).
The buffer size in front of each machine tool significantly exaggerates changes in machine tools' uptimes and
downtimes. Thus, buffer size in the production scheme should be optimized to improve overall efficiency and
productivity. The aim of this study is to develop an efficient optimization model for assembly and disassembly
production systems, which has the ability to update the buffer sizes according to the changes in uptimes and
downtimes, and thus achieve the highest production rate.
Researchers have explored various methods to develop optimization models for assembly production
systems, including mathematical modelling (Razali 2016), simulation-based approaches (Hasgul and Buyuksunetci
2005, Nagi et al. 2017), and meta-heuristics (Onar et al. 2016). Zhao et al. (2008) utilized an aggregated eventscheduling simulation approach for a serial assembly production line. Each component of the production line was
locally simulated and coordinated via global system states and events. Minca et al. (2012), presented a simulationbased study for assembly/disassembly line modeling. Two type of simulation models based on petri nets were applied.
A combined movable platform with manipulator was developed to make the disassembly. The assembly/disassembly
line and a moved mobile robot equipped with robotic manipulator (RM) were both regarded as discrete systems in the
first model. The second model was a hybrid system, with the line represented as a discrete event system and the mobile
robot and RM were represented as a continuous system. For the first model temporary petri nets were utilized, whereas
for the second model hybrid petri nets were implemented. The results showed that both models performed well based
on the given scenarios. Ullah et al. (2015) studied simultaneously the problems of line balancing and buffer sizing in
an assembly line. The goal was to maximize throughput, reduce overall buffer size in the assembly line, and reduce
workload variability in the assembly line. They formulated the problem as multi-objective optimization and
implemented a modified Pareto evolutionary algorithm. A sample problem was solved, and the results showed good
efficacy for the proposed algorithm. In another study, researchers employed mathematical modeling techniques to
identify the bottlenecks in a production line (Kang and Ju 2017). A mathematical model was developed and presented
by Shabanpour and Colledani (2018) for optimizing the design and buffer usage in a disassembly line. The goal was
to simultaneously optimize and identify: (1) the sequence of components to be disassembled and the assignment of
disassembly jobs to workstations, and (2) buffer allocation in the disassembly line design to maximize profit while
meeting the chosen cycle time. The proposed model's advantages were demonstrated through a real-world case study
in the automobile industry.
This research aims: (1) to optimize buffer size, in that way maximizing the output of the given ASPS with
merge lines and DisASPS with split lines under specified assumptions and restrictions, and (2) to develop an effective,
easy, and implementable methodology that can help designers make decisions regarding buffer allocation in the
production line.
The remainder of this paper is organized as follows. In Section 2, we review the buffer-size optimization
approaches in recent research and highlight their limitations. Section 3 presents the problem statement, and Section 4
details the design of the proposed approach. Section 4 also introduces our illustrative example. Section 5 provides a
discussion of the main features and limitations of the proposed approach. Section 6 concludes the paper and suggests
possible future work.

2. Modeling Assembly/merge and Disassembly/split Production System
The structures of ASPS, and DisASPS studied in this paper are shown in Figures 1 and 2.
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Figure 1. Structure of assembly production system
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Figure 2. Structure of disassembly production system

The main assumptions pertaining to the ASPS and DisASPS components are summarized as follows (Li and
Huang 2005):
I.
ASPS consists (𝑛𝑛0 + 𝑛𝑛1 + 𝑛𝑛2 ) machine tools, (𝑀𝑀01 , … , 𝑀𝑀0𝑛𝑛0 , 𝑀𝑀11 , … , 𝑀𝑀1𝑛𝑛1 , 𝑀𝑀21 , … , 𝑀𝑀2𝑛𝑛2 ); and (𝑛𝑛0 +
𝑛𝑛1 + 𝑛𝑛2 − 1) buffers ( 𝐵𝐵01 , … , 𝐵𝐵0(𝑛𝑛0−1) , 𝐵𝐵11 , … , 𝐵𝐵1𝑛𝑛1 , 𝐵𝐵21 , … , 𝐵𝐵1𝑛𝑛2 , 𝐵𝐵01 , ) respectively in merged
production line, serial line 1, and serial line 2. The machine tools in are arranged serially with each buffer
unravelling serial pairs of machine tools.
II.

The DisASPS also consists of (𝑛𝑛0 + 𝑛𝑛1 + 𝑛𝑛2 ) machine tools, ( 𝑀𝑀01 , … , 𝑀𝑀0𝑛𝑛0 , 𝑀𝑀11 , … , 𝑀𝑀1𝑛𝑛1 , 𝑀𝑀21 ,
… , 𝑀𝑀2𝑛𝑛2 ); and (𝑛𝑛1 + 𝑛𝑛2 − 1) buffers, (𝐵𝐵01 , … , 𝐵𝐵0(𝑛𝑛0−1) , 𝐵𝐵10 , … , 𝐵𝐵1(𝑛𝑛1−1) , 𝐵𝐵21 , … , 𝐵𝐵2(𝑛𝑛2−1) ) respectively
in serial line, split line 1, and split line 2. Again, the machine tools in are arranged serially with each
buffer unravelling serial pairs of machine tools.

III.

Each machine tool in ASPS and DisASPS: 𝑀𝑀01 , … , 𝑀𝑀0𝑛𝑛0 , 𝑀𝑀11 , … , 𝑀𝑀1𝑛𝑛1 , 𝑀𝑀21 , … , 𝑀𝑀2𝑛𝑛2 has two states:
up and down. When the machine is up, the machine is capable of producing at a rate of 1 part per unit of
time (cycle); when the machine is down, no production takes place.

IV.

The uptime and the downtime of each machine, 𝑀𝑀01 , … , 𝑀𝑀0𝑛𝑛0 , 𝑀𝑀11 , … , 𝑀𝑀1𝑛𝑛1 , 𝑀𝑀21 , … , 𝑀𝑀2𝑛𝑛2 are random
variables distributed exponentially with parameters pi and ri, ∀𝑖𝑖, respectively.

V.

Each buffer in ASPS, 𝐵𝐵11 , … , 𝐵𝐵1𝑛𝑛1 , 𝐵𝐵21 , … , 𝐵𝐵1𝑛𝑛2 , 𝐵𝐵01 , 𝐵𝐵01 , … , 𝐵𝐵0(𝑛𝑛0−1) is characterized by its capacity
𝑁𝑁𝑖𝑖 , 0 < 𝑁𝑁𝑖𝑖 < ∞.
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VI.

VII.

A machine tool is starved if, at time t, its upstream buffer is empty at that time. Machine tool M1 is never
starved. In the ASPS, the merge machine tool 𝑀𝑀01 takes a single part from 𝐵𝐵1𝑛𝑛1 or 𝐵𝐵2𝑛𝑛2 alternatively,
if neither buffer is empty. It is starved when either 𝐵𝐵1𝑛𝑛1 or 𝐵𝐵2𝑛𝑛2 or both are empty. Machine tools 𝑀𝑀11
and 𝑀𝑀21 in ASPS and 𝑀𝑀01 in DisASPS are never starved.

A machine tool is blocked at time t if the downstream buffer is full at that time. In the DisASPS, the split
machine tool 𝑀𝑀0𝑛𝑛0 is blocked when either 𝐵𝐵10 or 𝐵𝐵20 or both are full. Machine tools 𝑀𝑀0𝑛𝑛0 in ASPS and
𝑀𝑀1𝑛𝑛1 and 𝑀𝑀2𝑛𝑛2 in DisASPS are never blocked.

3. Throughput evaluation of ASPS/merge and DisASPS/split

To evaluate the performance of ASPS and DisASPS shown in Figures 1 and 2, each of the two structures is
divided (decomposed) into three overlapped serial production lines. Evaluation each of these overlapped serial
production lines can be used to evaluate the whole production systems for the given three structures. The evaluation
procedure proposed by (Chiang et al. 2000) will be followed to evaluate each serial production line in the two
production systems. In order to apply the evaluation procedure to serial production lines, the split machine tool in DisASPS should not be starved, and the merge machine tool in ASPS should not be blocked. Thus, the system needs to
be modified, the overlapping split and merge machine tools in the overlapped serial production lines replaced by
virtual machine tools. A description of these overlapping serial production lines for the two considered structures are
shown below:
For ASPS,

For Dis-ASPS,

′
, 𝐵𝐵11 , 𝐵𝐵12 , … , 𝐵𝐵1(𝑛𝑛1−1) , 𝐵𝐵1𝑛𝑛1
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 1: 𝑀𝑀11 , 𝑀𝑀12 , … , 𝑀𝑀1(𝑛𝑛1−1) , 𝑀𝑀1𝑛𝑛1 , 𝑀𝑀01
′′
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 2: 𝑀𝑀21 , 𝑀𝑀22 , … , 𝑀𝑀2(𝑛𝑛2−1) , 𝑀𝑀2𝑛𝑛2 , 𝑀𝑀01
, 𝐵𝐵21 , 𝐵𝐵22 , … , 𝐵𝐵2(𝑛𝑛2−1) , 𝐵𝐵2𝑛𝑛2
′′′
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙: 𝑀𝑀01 , 𝑀𝑀02 , … , 𝑀𝑀0(𝑛𝑛0−1) , 𝑀𝑀0𝑛𝑛0 , 𝐵𝐵01 , 𝐵𝐵02 , … , 𝐵𝐵0(𝑛𝑛0−1) , 𝐵𝐵0𝑛𝑛0

′
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙: 𝑀𝑀01 , 𝑀𝑀02 , … , 𝑀𝑀0(𝑛𝑛0−1) , 𝑀𝑀0𝑛𝑛
, 𝐵𝐵01 , 𝐵𝐵02 , … , 𝐵𝐵0(𝑛𝑛0−1)
0
′′
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 1: 𝑀𝑀0𝑛𝑛0 , 𝑀𝑀11 , 𝑀𝑀12 , … , 𝑀𝑀1(𝑛𝑛1−1) , 𝑀𝑀1𝑛𝑛1 , 𝐵𝐵10 , 𝐵𝐵11 , 𝐵𝐵12 , … , 𝐵𝐵1(𝑛𝑛1−1) , 𝐵𝐵1𝑛𝑛1
′′′
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 2: 𝑀𝑀0𝑛𝑛
, 𝑀𝑀21 , 𝑀𝑀22 , … , 𝑀𝑀2(𝑛𝑛2−1) , 𝑀𝑀2𝑛𝑛2 , 𝐵𝐵20 , 𝐵𝐵21 , 𝐵𝐵22 , … , 𝐵𝐵2(𝑛𝑛2−1) , 𝐵𝐵2𝑛𝑛2
0

For ASPS, the merge machine tool, 𝑴𝑴𝟎𝟎𝟎𝟎 , is adjusted by assuming that it is not starved by either of the two
serial production lines through 𝑩𝑩𝟏𝟏𝒏𝒏𝟏𝟏 and 𝑩𝑩𝟐𝟐𝒏𝒏𝟐𝟐 (Figure 1). Under this assumption, the uptime and downtime parameters
of the first (virtual) machine tool in the merged production line, 𝑴𝑴′′′
𝟎𝟎𝟎𝟎 , can be defined as follows:
′′′
= 𝑟𝑟01 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃�𝑀𝑀01 is not starved by 𝐵𝐵1𝑛𝑛1 �. 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃�𝑀𝑀01 is not starved by 𝐵𝐵1𝑛𝑛2 �,
𝑟𝑟01
′′′
𝑝𝑝01 = 𝑝𝑝01 + 𝑟𝑟01 �1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃�𝑀𝑀01 is not starved by 𝐵𝐵1𝑛𝑛1 � . 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃�𝑀𝑀01 is not starved by 𝐵𝐵2𝑛𝑛2 ��

The same procedure is applied to the last virtual machine tool in serial production lines 1 and 2. Uptimes and
downtimes for the virtual machine tools (𝑴𝑴′𝟎𝟎𝟎𝟎 and 𝑴𝑴′𝟎𝟎𝟎𝟎 ) at the ends of the two serial production lines 1 and 2
respectively, can be defined as:
′
𝑟𝑟01
= 𝑟𝑟01 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃�𝑀𝑀01 is not starved by 𝐵𝐵1𝑛𝑛1 � . 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃{𝑀𝑀01 is not blocked by 𝐵𝐵01 },
′
𝑝𝑝01 = 𝑝𝑝01 + 𝑟𝑟01 �1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃�𝑀𝑀01 is not starved by 𝐵𝐵1𝑛𝑛1 � . 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃{𝑀𝑀01 is not blocked by 𝐵𝐵01 }�
And
′′
= 𝑟𝑟01 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃�𝑀𝑀01 is not starved by 𝐵𝐵2𝑛𝑛2 � . 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃{𝑀𝑀01 is not blocked by 𝐵𝐵01 },
𝑟𝑟01
′′
𝑝𝑝01 = 𝑝𝑝01 + 𝑟𝑟01 �1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃�𝑀𝑀01 is not starved by 𝐵𝐵2𝑛𝑛2 � . 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃{𝑀𝑀01 is not blocked by 𝐵𝐵01 }�

Similar procedure can be applied to define the virtual split and merge machine tools in each of the serial
production lines of the Dis-ASPS. As in the previous equations, the probabilities can be calculated as follows (Li
2004):
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𝑓𝑓

𝑓𝑓

𝑏𝑏
𝑏𝑏
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃{𝑀𝑀𝑖𝑖 is blocked} = 𝑄𝑄�𝑝𝑝𝑖𝑖+1
, 𝑟𝑟𝑖𝑖+1
, 𝑝𝑝𝑖𝑖 , 𝑟𝑟𝑖𝑖 , 𝑁𝑁𝑖𝑖 �
𝑓𝑓
𝑓𝑓
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃{𝑀𝑀𝑖𝑖 is starved} = 𝑄𝑄�𝑝𝑝𝑖𝑖−1 , 𝑟𝑟𝑖𝑖−1 , 𝑝𝑝𝑖𝑖𝑏𝑏 , 𝑟𝑟𝑖𝑖𝑏𝑏 , 𝑁𝑁𝑖𝑖 �
where 𝑸𝑸(𝒑𝒑𝒂𝒂 , 𝒓𝒓𝒂𝒂 , 𝒑𝒑𝒃𝒃 , 𝒓𝒓𝒃𝒃 , 𝑵𝑵) is defined as ([17]):

𝑄𝑄(𝑝𝑝𝑎𝑎 , 𝑟𝑟𝑎𝑎 , 𝑝𝑝𝑏𝑏 , 𝑟𝑟𝑏𝑏 , 𝑁𝑁) =
And
𝑒𝑒𝑖𝑖 =

𝑟𝑟𝑖𝑖

𝑝𝑝𝑖𝑖 +𝑟𝑟𝑖𝑖

,

⎧
⎪
⎪

⎨
⎪
⎪
⎩

(1 − 𝑒𝑒𝑎𝑎 )(1 − ∅)
,
1 − ∅𝑒𝑒 −𝛽𝛽𝛽𝛽

𝑖𝑖𝑖𝑖

𝑝𝑝𝑎𝑎 𝑝𝑝𝑏𝑏
≠
𝑟𝑟𝑎𝑎
𝑟𝑟𝑏𝑏

𝑝𝑝𝑎𝑎 (𝑝𝑝𝑎𝑎 + 𝑝𝑝𝑏𝑏 )(𝑟𝑟𝑎𝑎 + 𝑟𝑟𝑏𝑏 )
,
(𝑝𝑝𝑎𝑎 + 𝑟𝑟𝑎𝑎 )[(𝑝𝑝𝑎𝑎 + 𝑝𝑝𝑏𝑏 )(𝑟𝑟𝑎𝑎 + 𝑟𝑟𝑏𝑏 ) + 𝑝𝑝𝑏𝑏 𝑟𝑟𝑎𝑎 (𝑝𝑝𝑎𝑎 + 𝑝𝑝𝑏𝑏 +𝑟𝑟𝑎𝑎 + 𝑟𝑟𝑏𝑏 )𝑁𝑁]
𝑝𝑝𝑎𝑎 𝑝𝑝𝑏𝑏
𝑖𝑖𝑖𝑖
=
𝑟𝑟𝑎𝑎
𝑟𝑟𝑏𝑏

𝑖𝑖 = 𝑎𝑎, 𝑏𝑏,

𝑒𝑒𝑎𝑎 (1 − 𝑒𝑒𝑏𝑏 )
,
𝑒𝑒𝑏𝑏 (1 − 𝑒𝑒𝑎𝑎 )
𝑒𝑒𝑎𝑎 (𝑝𝑝𝑎𝑎 + 𝑝𝑝𝑏𝑏 +𝑟𝑟𝑎𝑎 + 𝑟𝑟𝑏𝑏 )(𝑝𝑝𝑎𝑎 𝑟𝑟𝑏𝑏 − 𝑝𝑝𝑏𝑏 𝑟𝑟𝑎𝑎 )
.
𝛽𝛽 =
(𝑝𝑝𝑎𝑎 + 𝑝𝑝𝑏𝑏 )(𝑟𝑟𝑎𝑎 + 𝑟𝑟𝑏𝑏 )
∅=

(1)

(2)

(3)

4. Optimization Model

In this paper, a GA is exploited to find the optimal or close optimal buffer size. The GA is one of the famous
meta-heuristic optimization approaches, which find optimal and near optimal solutions based on natural selection and
genetic principles (Yang 2021). The GA starts with an initial population with randomly selected solutions known as
individuals. After determining the fitness of every individual in the initial population, the next population is generated
by applying well-known GA operations such as mutation, crossover, etc. (see Figure 3) (Yang 2021). These steps are
repeated until the optimal or near optimal solution is obtained with a specified degree of accuracy. The solution with
the highest fitness be the candidate solution to the desired problem.
In operation research, the GA is often utilized to find high-quality solutions to optimization problem such as
buffer size in flexible manufacturing. Figure 3 shows the outline of operation of the GA.
1Initialization of first-generation (initial population) of individuals: The algorithm starts with a random set of
individuals (solutions), which is named the initial population. Each individual presents a possible solution to the
desired problem. The individuals consist of parameters which are known as genes, and these genes are integrated into
each other in order to create a chromosome. Every gene refers to a feature and the integration of genes into
chromosomes effects the fitness of the individual.
2Fitness calculation for individuals: This determines the fitness score of each individual using an objective
function. The fittest individuals are selected as “parents” to generate new enhanced individuals.
3- Apply crossover to the selected parents: In this step, genes are exchanged between every two individuals (parents)
to generate a new generation with enhanced feature to obtain a higher fitness score.
4- Mutation of individual offspring: one or more of the genes of the offspring will be inverted. Mutation enhances
the search for the optimal solution by maintaining diversity and reducing the time to reach the optimal solution.
5- Termination: The algorithm terminates if the produced offspring are not significantly different from the previous
generation, which means that the algorithm reaches the optimal solution.
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Figure 3. The flowchart of the developed optimization algorithm.

5. Numerical Results and Discussion
In this section, the authors report the testing and verification of the proposed optimization method using the
assembly/merge and the disassembly/split production lines see Section 2. The data collected for the desired production
lines were as follows; the number of lines was three, the number of machines was four in each line, with uptime (pi)
and downtime (ri) for every machine in the production lines as shown in Table 1. The data was formatted into the split
and merge cases in order to verify the algorithm according to the disassembly and assembly processes, respectively.
This similarity in the usage data enabled the optimization algorithm to calculate the optimal buffer size and the
maximum productivity rate at the same time.
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Table 1: Uptimes and downtimes parameters for split and merge small ASPS/ DisASPS
Case
Split
Merge

Line
1, 1, 1, 1,
2, 2, 2, 2,
3, 3, 3, 3,
1, 1, 1, 1,
2, 2, 2, 2,
3, 3, 3, 3

Machine
1, 2, 3, 4,
5, 6, 7, 8,
9, 10, 11, 12
1, 2, 3, 4,
5, 6, 7, 8,
9, 10, 11, 12

pi
0.0133, 0.020, 0.050, 0.055,
0.045, 0.010, 0.020, 0.080,
0.017, 0.035, 0.030, 0.0215
0.017, 0.035, 0.030, 0.0215,
0.045, 0.010, 0.020, 0.080,
0.0133, 0.020, 0.050, 0.055

ri
0.25, 0.80, 0.45, 0.33,
0.035, 0.04, 0.18, 0.035,
0.075, 0.70, 0.65, 0.185
0.075, 0.70, 0.65, 0.185,
0.035, 0.04, 0.18, 0.035,
0.25, 0.80, 0.45, 0.33

The GA optimization algorithm generated 150 sets of uptimes and downtimes for the production line. After
that, the GA algorithms find the optimal buffer size for the generated sets by applied some computational (see section
4). The GA was tuned with population size of 150 individuals, crossover rate of 0.8, and mutation rate of 0.05. Figures
4 to 6 show the Pareto front for optimizing the buffer size and productivity rate of the 3 production lines. Figure 4
shows the Pareto front for the desired objective functions for production line 2 with four machines. The algorithm
optimizes the buffer size and the productivity at the same time. In Figure 4, the X-axis presents minimization of buffer
size and the Y-axis refers to maximization of production throughput.

Figure 4. Pareto front of optimal values for the optimization algorithm of small ASPS/DisASPS with 4 machine
tools for line 2
After applying the proposed optimization algorithm, the optimal buffer size and the maximum productivity
rate were carried out for both assembly and disassembly cases (split and merge). For both two cases the algorithm
identified the optimal parameters within 10 seconds, the results are shown in Table 2. From the results, it easy to
realize that the results, buffer size Ni and productivity rate PR in the merge case are the same as for the split case with
values reversed. For example, pi for line 1 for the split system corresponds to pi for line 3 for the merge system.
Table 2: Optimal buffer size and productivity for small ASPS/DisASPS
Case
Split

Merge

Line
1, 1, 1,
1,
2, 2, 2,
2,
3, 3, 3,
3
1, 1, 1,
1,
2, 2, 2,
2,
3, 3, 3,
3

Machine
1, 2, 3,
4,
5, 6, 7,
8,
9, 10, 11,
12
1, 2, 3,
4,
5, 6, 7,
8,
9, 10, 11,
12

pi
0.0133, 0.02, 0.05,
0.055,
0.045, 0.01, 0.02,
0.08,
0.017, 0.035, 0.03,
0.0215
0.017, 0.035, 0.03,
0.0215,
0.045, 0.01, 0.02,
0.08,
0.0133, 0.02, 0.05,
0.055

ri
0.25, 0.80, 0.45,
0.33,
0.035, 0.04, 0.18,
0.035,
0.075, 0.70, 0.65,
0.185
0.075, 0.70, 0.65,
0.185,
0.035, 0.04, 0.18,
0.035,
0.25, 0.80, 0.45,
0.33
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Ni
1, 1, 1,
1,
22, 29, 37,
1,
2, 2, 2,
1
2, 2, 2,
1,
22, 29, 37,
1,
1, 1, 1,
1

PR
0.765, 0.765, 0.765,
0.765,
0.304, 0.304, 0.304,
0.304,
0.364, 0.364, 0.364,
0.364
0.364, 0.364, 0.364,
0.364,
0.304, 0.304, 0.304,
0.304,
0.765, 0.765, 0.765,
0.765
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5.2 Large Assembly Production System
To validate the algorithm for both Assembly and Disassembly for a large number of machines the process
adopted was similar to that reported in the previous section. The data was collected for three production lines, ten
machines in every line, followed by uptime (pi) and down time (ri) for every machine (see Table 3). The data was
formatted into split and merge cases (see Section 5.1).
Table 3: Uptimes and downtimes parameters for split and merge Large ASPS/DisASPS
Case

Split

Merge

Line
1, 1, 1, 1,
1, 1, 1, 1,
1,1
2, 2 ,2, 2,
2, 2, 2, 2
2, 2,
3, 3, 3, 3,
3, 3, 3, 3,
3, 3
1, 1, 1, 1,
1, 1, 1, 1,
1,1
2, 2 ,2, 2,
2, 2, 2, 2
2, 2,
3, 3, 3, 3,
3, 3, 3, 3,
3, 3

Machine
1, 2, 3, 4,
5, 6, 7, 8,
9, 10,
1, 2, 3, 4,
5, 6, 7, 8,
9, 10,
1, 2, 3, 4,
5, 6, 7, 8,
9, 10
1, 2, 3, 4,
5, 6, 7, 8,
9, 10,
1, 2, 3, 4,
5, 6, 7, 8,
9, 10,
1, 2, 3, 4,
5, 6, 7, 8,
9, 10

Pi
0.0249, 0.0464, 0.0152, 0.0158,
0.0386, 0.0379, 0.0391, 0.0099,
0.0082, 0.0109,
0.0484, 0.0317, 0.0078, 0.0422,
0.0045, 0.0344, 0.0323, 0.0095,
0.0493, 0.0058,
0.0188, 0.0275, 0.0220, 0.0059,
0.0427, 0.0074, 0.0222, 0.0384,
0.0365, 0.0089
0.0188, 0.0275, 0.0220, 0.0059,
0.0427, 0.0074, 0.0222, 0.0384,
0.0365, 0.0089,
0.0484, 0.0317, 0.0078, 0.0422,
0.0045, 0.0344, 0.0323, 0.0095,
0.0493, 0.0058,
0.0249, 0.0464, 0.0152, 0.0158,
0.0386, 0.0379, 0.0391, 0.0099,
0.0082, 0.0109

Ri
0.4148, 0.3734,0.4805, 0.1195,
0.1264, 0.3870, 0.1918, 0.1256,
0.0658, 0.0917,
0.4403, 0.0103, 0.1200, 0.1192,
0.4462, 0.0456, 0.2486, 0.2162,
0.4936, 0.2827,
0.2848, 0.3669, 0.1038, 0.1816,
0.2174, 0.0499, 0.3200, 0.4763,
0.3124, 0.2093
0.2534, 0.2534, 0.2534, 0.2534,
0.2534, 0.2534, 0.2534, 0.2534,
0.2534, 0.2534,
0.2457, 0.2457, 0.2457, 0.2457,
0.2457, 0.2457, 0.2457, 0.2457,
0.2457, 0.2457,
0.7232, 0.7232, 0.7232, 0.7232,
0.7232, 0.7232, 0.7232, 0.7232,
0.7232, 0.7232

When considering large ASPS/DisASPS, the authors used the same settings of the GA as for the small
ASPS/DisASPS (see Section 5.1). In 30 seconds, the optimization algorithm found the optimum values for the buffer
size to maximize the productivity rate of the production lines. Similar to Figure 4, Figure 5 shows the Pareto front for
the multi objective functions, buffer size in X axis and productivity on Y axis, for production line 2, but with ten
machines.

Figure 5. Pareto front of optimal values for the optimization algorithm of large ASPS/DisASPS with 10 machine tools
for line 2
Table 4 shows the optimal buffer size and the maximum production rate for the given large ADPS. The results
again show that the results in the merge case are the same as for the split case with inverse values for the production
lines. The algorithms carried out the results quickly within 30 seconds despite the large number of machines involved.
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Table 4: Optimal buffer size and productivity for large ADSP
Case

Split

Merge

Line
1, 1,
1, 1,
1, 1,
1, 1,
1, 1,
2, 2,
2, 2,
2, 2,
2, 2,
2, 2,
3, 3,
3, 3,
3, 3,
3, 3,
3, 3
1, 1,
1, 1,
1, 1,
1, 1,
1, 1,
2, 2,
2, 2,
2, 2,
2, 2,
2, 2,
3, 3,
3, 3,
3, 3,
3, 3,
3, 3

Machine
1, 2,
3, 4,
5, 6,
7, 8,
9, 10,
1, 2,
3, 4,
5, 6,
7, 8,
9, 10,
1, 2,
3, 4,
5, 6,
7, 8,
9, 10
1, 2,
3, 4,
5, 6,
7, 8,
9, 10,
1, 2,
3, 4,
5, 6,
7, 8,
9, 10,
1, 2,
3, 4,
5, 6,
7, 8,
9, 10

pi
0.0249, 0.0464,
0.0152, 0.0158,
0.0386, 0.0379,
0.0391, 0.0099,
0.0082, 0.0109,
0.0484, 0.0317,
0.0078, 0.0422,
0.0045, 0.0344,
0.0323, 0.0095,
0.0493, 0.0058,
0.0188, 0.0275,
0.0220, 0.0059,
0.0427, 0.0074,
0.0222, 0.0384,
0.0365, 0.0089
0.0188, 0.0275,
0.0220, 0.0059,
0.0427, 0.0074,
0.0222, 0.0384,
0.0365, 0.0089,
0.0484, 0.0317,
0.0078, 0.0422,
0.0045, 0.0344,
0.0323, 0.0095,
0.0493, 0.0058,
0.0249, 0.0464,
0.0152, 0.0158,
0.0386, 0.0379,
0.0391, 0.0099,
0.0082, 0.0109

ri
0.4148, 0.3734,
0.4805, 0.1195,
0.1264, 0.3870,
0.1918, 0.1256,
0.0658, 0.0917,
0.4403, 0.0103,
0.1200, 0.1192,
0.4462, 0.0456,
0.2486, 0.2162,
0.4936, 0.2827,
0.2848, 0.3669,
0.1038, 0.1816,
0.2174, 0.0499,
0.3200, 0.4763,
0.3124, 0.2093
0.2848, 0.3669,
0.1038, 0.1816,
0.2174, 0.0499,
0.3200, 0.4763,
0.3124, 0.2093,
0.4403, 0.0103,
0.1200, 0.1192,
0.4462, 0.0456,
0.2486, 0.2162,
0.4936, 0.2827,
0.4148, 0.3734,
0.4805, 0.1195,
0.1264, 0.3870,
0.1918, 0.1256,
0.0658, 0.0917

Ni
18, 10,
12, 15,
11, 22,
12, 24,
6, 1,
25, 43,
20, 4,
2, 2,
3, 2,
2, 1,
2, 2,
2, 2,
2, 2,
2, 2,
2, 1
2, 1,
2, 2,
2, 2,
2, 2,
2, 2,
6, 1,
25, 43,
20, 4,
2, 2,
3, 2,
2, 1,
18, 10,
12, 15,
11, 22,
12, 24

PR
0.7232, 0.7232,
0.7232, 0.7232,
0.7232, 0.7232,
0.7232, 0.7232,
0.7232, 0.7232,
0.2457, 0.2457,
0.2457, 0.2457,
0.2457, 0.2457,
0.2457, 0.2457,
0.2457, 0.2457,
0.2534, 0.2534,
0.2534, 0.2534,
0.2534, 0.2534,
0.2534, 0.2534,
0.2534, 0.2534
0.2534, 0.2534,
0.2534, 0.2534,
0.2534, 0.2534,
0.2534, 0.2534,
0.2534, 0.2534,
0.2457, 0.2457,
0.2457, 0.2457,
0.2457, 0.2457,
0.2457, 0.2457,
0.2457, 0.2457,
0.7232, 0.7232,
0.7232, 0.7232,
0.7232, 0.7232,
0.7232, 0.7232,
0.7232, 0.7232

6. Conclusion
This paper proposed an enhanced optimization algorithm to find the best buffer size for assembly production
systems with both assembly (merge) and disassembly (split) lines. The algorithm simultaneously maximizes the
throughput of the production lines. The results show that the algorithm requires only a short processing time for large
numbers of machines and multiple production lines. The algorithm was tested on production lines with four and ten
machines to confirm it was not limited to a specific number of machines. The symmetry of the two problems meant
the results with DisASPS were the same as for ASPS with an inverted sequence of the production lines. The
optimization algorithm was designed to be able to integrate with the decision support system (DSS) to provide a
correct decision to the operator in a short time. For future work, the author aims to update the algorithm to be part of
a multi-agent artificial intelligence system that can predict regular maintenance needed and optimize manufacturing
process parameters.
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