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ABSTRACT

ARTICLE INFO

A novel configuration of assembly lines was proposed in this research, namely
parallel adjacent U‐shaped assembly lines (PAUL). Typically, in a multiple U‐
line facility, each U‐line is designed to work independently which may cause
some workstations were not fully functioned. The PAUL aimed at increasing
the utilisation of the whole facility by allowing cross‐trained workers to work
on the opposite legs of the adjacent U‐lines (multi‐line workstations). This
configuration is easier to implement than parallel U‐lines due to no restriction
in terms of the lengths of U‐lines to be paralleled and hidden expenditures
that could be incurred in shop floor reconstruction. Since the line balancing of
the PAUL is NP‐hard and many conflicting objectives need to be optimised
simultaneously, the evolutionary meta‐heuristic which was the hybridisation
of the multi‐objective evolutionary algorithm based on decomposition
(MOEA/D) and particle swarm optimisation (PSO), namely MOEA/D‐PSO, was
developed to effectively solve the problem. In addition, the decoding algo‐
rithm to convert the solutions obtained from MOEA/D‐PSO into the PAUL’s
configuration was proposed. The performance of MOEA/D‐PSO was evaluated
against MOEA/D and multi‐objective particle swarm optimisation (MOPSO).
The experimental results reveal that MOEA/D‐PSO outperformed its rival
algorithms under the convergence‐related performance.
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1. Introduction
Nowadays, manufacturers are encountering shortened product life cycle because of ever‐
escalating technological innovation, fierce market competition and rapid change in customers’
taste. To maintain their competitiveness and survive in heavily competitive businesses, the just‐
in‐time (JIT) philosophy has been adopted to reduce wastes and excessive inventories in pro‐
duction systems. As a result of JIT implementation, the traditional straight‐shaped production
lines are switched to the U‐shaped ones (hereafter called U‐lines) to improve their production
efficiencies. Moreover, the mixed‐model production, another main integral ingredient of JIT,
supersedes the mass production of one model of a single product to cope with the swift growth
of product varieties in a cost‐effective manner.
In view of the production, a U‐line offers more options in task‐to‐workstation assignments
since workers are allowed to work on both sides (Front and Back) of the line in crossover work‐
stations apart from regular workstations which are placed only on any single side of the line.
This provides a higher opportunity to consolidate more tasks into workstations resulting in
higher compact workload, better workload distribution and greater line utilisation. The popular‐
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ity of U‐lines is attributed to lots of benefits gained from production volume flexibility, operator
flexibility, less number of workstations, no special material handling equipment needed, less
space requirement, greater workplace visibility, increased communication and teamwork, multi‐
skilled workers, lower inventory, easier production planning and better quality control [1].
In most manufacturing companies which adopt JIT, after a period of production, they may no‐
tice that their current capacities are not enough to fulfil increasing demands because their busi‐
nesses are flourishing and extra orders are received continuously. These orders may be the
same products previously offered or even new products never been done before. The simplest
way to deal with this problem is to add more duplicated or newly designed lines into the system.
Since the planning and operations of these lines are conducted independently as if they cannot
interact with others, the system as a whole comprising many unrelated lines is normally un‐
derutilised.
Recently, Gökçen et al. [2] proposed a new line configuration, namely parallel lines, where
one or more straight‐lines are allowed to work simultaneously under common resources (e.g.
workers or equipment) through multi‐line workstations to increase the capacity of the system
without the cost of additional lines. This concept was further adapted to fit in the environment of
U‐lines by Küçükkoç and Zhang [3], namely parallel U‐shaped lines (PUL), where two U‐lines are
placed in parallel to one another to take advantages of multi‐line workstations which bestride
between both adjacent U‐lines.
Although the concept of the PUL is theoretically sound, a number of practical issues could be
uncovered as follows. First, the application of this configuration is limited only when the lengths
of both adjacent U‐lines are more or less the same. If the outer U‐line is much longer than the
inner U‐line and multi‐line workstations are located between the Bottoms of both lines, the
workers who work in these workstations have to walk back and forth between two legs of the
lines in a long distance. This makes multi‐line workers unhappy because their jobs are more
tired than those working in other places and perhaps they would refuse to work in such work‐
stations.
In contrast, if the inner U‐line is much longer than the outer U‐line, there will be no multi‐line
workstation at the Bottoms of both lines since no Bottom of the outer line is existed. Without the
Bottom of the outer line, two legs (Front and Back) of the outer line are split apart and hence
material transfers between these legs need a great help from material handling equipment or
floating workers bringing about additional operational costs.
Second, in order to reconfigure the system according to the PUL, in case of two U‐lines are
originally working independently, the lines must be reorganised by moving one U‐line to en‐
compass with the other. The cost of line relocation may be quite excessive, particularly when
heavy machines are parts of the workstations and the foundation on the shop floor for machin‐
ery placement needs further reconstruction.
In this paper, an alternative layout of multiple U‐lines is proposed, namely parallel adjacent
U‐lines (PAUL). This layout has no limitation as of the PUL and it is much easier to implement in
practice since less machinery movement is required. The PAUL’s environment comprises two or
more U‐lines adjacently located as ubiquitously found in industry. Instead of treating each U‐line
as an independent entity, multi‐line workers are allowed to handle tasks on both legs of the ad‐
jacent U‐lines, i.e. Front of one U‐line and Back of the other U‐line (Fig. 1). As a result, the un‐
derutilised capacity of independent lines on some workstations, if any, could be unleashed by
implementing the PAUL. To our best knowledge, this novel configuration has never been ad‐
dressed in literature before.
To systematically form the PAUL so that the production is flown smoothly, the disparity of
workloads among workers should be minimised to minimise the unused capacity of the lines.
This problem is known as the PAUL balancing problem (PAULBP). In this paper, we assume that
each U‐line of the PAUL produces mixed‐model products to reflect real‐life applications. In addi‐
tion, many conflicting objectives are optimised simultaneously. Because the problem is NP‐hard,
evolutionary algorithms seem to be an effective solution technique. As a result, the multi‐
objective evolutionary algorithm based on decomposition (MOEA/D) hybridised with particle
swarm optimisation (PSO) is proposed to solve the PAULBP.
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(a)

(b)

Fig. 1 PAUL configuration: (a) without station number, and (b) with station number

The remaining sections are organised as follows. The detailed description of the PAUL is pre‐
sented in Section 2. The approach to solving the PAULBP is proposed in Section 3. Experimental
designs, results and discussions are explained in Section 4. Finally, the conclusion and future
research are discussed in Section 5.

2. Problem definition
Obviously, in a production system (e.g. electronics and electrical industry) where several U‐lines
are located close to each other (i.e. the walking time between adjacent U‐lines of multi‐line
workers is negligible) could provide an opportunity for better line balancing. In this research,
the layout of two U‐lines laid out adjacently side‐by‐side is considered (Fig. 1). The entry and
exit points of both lines are on the same side. By this arrangement, an additional form of work‐
stations could be realised apart from regular and crossover workstations as typically found in
traditional U‐lines. This type of workstation is called a multi‐line station which could occur be‐
tween the Back of Line 1 and the Front of Line 2. The worker who is assigned to perform tasks in
a multi‐line station is cross‐trained to manipulate different product families and models belong‐
ing to both U‐lines of the PAUL. The assumptions used in this research are as follows: (a) both U‐
lines produce mixed‐model products, (b) task times, cycle times and precedence diagrams of
products on both U‐lines are given and fixed, (c) cycle times of both U‐lines could be different,
(d) workers are cross‐trained, and (e) walking time of the worker is negligible regardless of
workstation types.
2.1 Objective functions
Five objectives related to line efficiency and workload distribution are employed in this re‐
search. The reasons for using many objectives as such is to evaluate the effectiveness of the pro‐
posed algorithm in dealing with the problems with high dimensional search space and the prob‐
lem itself is a multi‐objective optimisation in nature. Note that these objectives are conflicted
with each other; therefore, trade‐offs among them are inevitable. The followings are the formu‐
lations and descriptions of the objectives.
(1) Minimise the number of workstations ( ): If the workloads assigned to all workstations in
the PAUL are equal or nearly equal to the cycle time of the system, the efficiency of the sys‐
tem will be high resulting in less number of workstations required.
(1)
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(2) Minimise workload variations between workstations ( ): This objective attempts to equal‐
ise the workload assigned to each workstation as much as possible. Highly unbalanced
workload causes a bottleneck, inequality of workers and also fatigues to the worker who
works in the bottleneck workstation.
,

1

(2)

1

(3) Minimise unbalanced workloads within the workstation ( ): This objective is trivial in a
single‐model assembly line. However, it is vital for a mixed‐model assembly line in which
the task times of different product models could be varied. The effect of this problem is ap‐
parent while sequencing products into the line since a worker may have to work much
longer than the cycle time in some cycle, but very short in another cycle. In some cases, utili‐
ty workers may be called upon to ease the problem.
1
1

∑

;0

1 and

0,

if

1

(3)

(4)

(5)
∑

,

otherwise

(4) Minimise unrelatedness of tasks in the workstation (
): Two tasks assigned to a work‐
station are related to each other if both of them are directly interconnected in the prece‐
dence diagram. Their relationships are the predecessor or successor of the other. The relat‐
ed tasks normally require similar tools and skill of workers; hence, assigning related tasks
to the same workstation facilitates skill development and expertise to a worker resulting in
high system efficiency. Chutima and Chimklai [4] proposed the formulation to measure the
unrelatedness of assigned tasks in the workstation as follows.

∑
where

(6)

is the network of tasks that are directly related in workstation .

(5) Minimise the number of stations ( ): The line length of the system comprising many U‐
lines laid down adjacently can be measured by counting the number of stations which are
compactly arranged in a longitudinal direction. Shop floor utilisation will be high if the sys‐
tem’s line length is short. This objective can also be used to penalise the system configura‐
tions that are not an authentic PAUL which will be discussed in the next section.
(7)
2.2 Authentic PAUL configuration
An authentic PAUL must consist of at least one crossover workstation and one multi‐line work‐
station, possibly incorporated with or without any regular workstation. Many system configura‐
tions that claim to be the PAUL but, in reality, they are just look alike. As a result, the benefits of
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the PAUL may not be realised from such unauthentic PAULs, particularly low
and short line
length which will be illustrated in the following examples.
Fig. 1 illustrates the authentic PAUL configuration in which one crossover workstation is
found in Line 1 and Line 2, one multi‐line workstation is located between the adjacent legs of
Line 1 and Line 2, and two regular workstations are on Line 1 and Line 2. In this case, the num‐
ber of stations in the system (i.e. line length Ns) is three.
Fig. 2 depicts the two‐line system which consists of four regular workstations on Line 1 and
Line 2, and one multi‐line workstation located in between Line 1 and Line 2. This configuration
is not an authentic PAUL since no crossover workstation exists. In fact, this system is parallel
lines and the line length is five.
Another example of unauthentic PAULs is shown in Fig. 3. The system consists of a U‐line and
a straight line working in parallel. There are two regular workstations and one crossover work‐
station on Line 1, four regular workstations on Line 2, and one multi‐line laid between Line 1
and Line 2. The line length of the system is 5.

Fig. 2 Parallel lines (

5)

Fig. 3 One U‐line and one straight line (

5)

3. Materials and methods
3.1 Hybridisation between MOEA/D and PSO (MOEA/D‐PSO)
Much effort of the early research in the line balancing has been emphasised on a single objective
optimisation. However, in practice, line balancing is a multi‐objective optimisation problem
(MOP) since many conflicting objectives need to be realised simultaneously as mentioned in
Section 2. When solving this problem, we usually discover numerous optimal solutions which
are non‐dominated to each other, so‐called Pareto optimal solutions (POSs). The best contour of
these POSs plotted in the objective space is called the Pareto front (PF).
Various Pareto‐based evolutionary multi‐objective optimisation algorithms have been devel‐
oped to solve MOPs. However, with these algorithms, when the number of objectives grows
Advances in Production Engineering & Management 14(1) 2019
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more than three, known as many‐objective optimisation problems (MaOPs), the dominance
among solutions becomes weakened considerably resulting in worsening selection pressure
towards the PF and sluggish the convergence rate of the algorithm.
Recently, the novel algorithm to effectively tackle MaOPs namely multi‐objective evolutionary
algorithm based on decomposition (MOEA/D) in which an original MaOP is bisected into numer‐
ous subproblems using different weight vectors which are uniformly distributed along the objec‐
tive domain was developed by Zhang and Li [5]. These single objective optimisation subproblems
are collaboratively optimised simultaneously in each generation. Since the fitness assignments of
MOEA/D are determined by the scalar aggregation function rather than the Pareto domination
as conventional, the number of objectives has a minimal effect to its selection pressure.
MOEA/D normally uses genetic operators as an offspring generating mechanism, e.g. single
point crossover. However, such genetic operator has a serious drawback in computational ex‐
pensive when compares with particle swarm optimisation (PSO) [6]. As a result, the genetic op‐
erator of MOEA/D is replaced with the mechanism of PSO in this research to improve the con‐
vergence rate. The hybrid algorithm is afterwards called MOEA/D‐PSO.
PSO was developed by Kennedy and Eberhart [7] to mimic the collaborative social movement
of the large biological swarm in searching for food such as a bird flock or fish school. PSO is a
population‐based meta‐heuristic which stochastically manipulates its offspring generation
mechanism without any evolutionary operator like appearing in GA, e.g. crossover and mutation.
As a result, many relative advantages offered by PSO include fast convergence, fewer parameter
settings, less memory consumption, etc.
In the context of PSO, a particle denotes an individual solution of the problem, a swarm rep‐
resents the population of solutions, and the optimum solution is the food. Each particle has three
key attributes, i.e. position (its current solution), velocity (magnitude and direction of the trajec‐
tory towards the optimum solution), and fitness (relative performance). The particle navigates
its flight by regularly adjusting its velocity with the supervision from two sources, i.e. its own
best flying experience (personal best known as Pbest) and entire population best flying experi‐
ence (global best known as Gbest). The pseudo code of MOEA/D‐PSO is described as follows.
Pseudo code of MOEA/D‐PSO
Generate weight vector  for the population size using simplex lattice design.
Define the parameters of the algorithm, i.e. the neighbourhoods ( ) of each weight vector,
inertia weight , and learning factors and .
for each particle
1, … , whose size equals the
3. Determine particle position vector
total number of tasks ( ) in the PAUL using [0,1].
4. Determine particle velocity vector ( ) for
1, … , whose size equals the total number
of tasks ( ) in the PAUL using [0,1].
5. Determine the configuration of the PAUL using the decoding algorithm (to be explained in
the next section) and calculate all objectives of each .
.
6. Determine the minimum and maximum values of each objective, i.e. ∗ and
and
.
7. Set the initial values of best ( ) and Gbest ( ) of each particle by
8. Find the non‐dominated solutions in the current population, add them into the external
population ( ), find the non‐dominated solution in
, and trash all dominated solutions
from
(note that the initial
= ).
t 1
9. Find the velocity vector of each particle using
and then find its new position vector using
t 1
1 .
10. Find the new configuration of the PAUL using the decoding algorithm and calculate all
objectives of each .
.
11. Update ∗ and

1.
2.

12. Find normalised values of each objectives using

56
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13. Update

best of each
| | ) between

x
by comparing the Tchebycheff function (minimize
and . If is better than , set = ; otherwise, maintain

current .
14. Update best by comparing the Tchebycheff function between of the randomly selected
neighbourhoods and . If is better than , set = ; otherwise, maintain current .
15. If the termination condition is not met, go to step 8; otherwise, stop the algorithm.
3.2 Decoding algorithm
The solution string in this paper is represented by a priority‐based scheme where the number
under the task indicates its assignment priority. For example, nine (A1,…, A9) and seven (B1,…, B7)
tasks are produced by Line 1 and Line 2, respectively, as shown in Fig. 4. According to the ar‐
rangement of String 1, the priorities of tasks from highest to lowest are B6, B4, B7,…, A5 and A8.
String
1

A1
8

A2
13

A3
12

A4
10

A5
15

A6
9

A7
11

Task
A8
A9
16
6

B1
5

B2
4

B3
7

B4
2

B5
14

B6
1

B7
3

Fig. 4 An example of solution strings

The decoding algorithm to transform the solution string into the corresponding PAUL is as
follows.
Decoding algorithm
1.
2.

3.

4.
5.
6.
7.
8.

Determine the total number of to‐be‐assigned tasks by adding the number of tasks in Line 1
with Line 2.
Determine the assignable task list which is a set of tasks that are eligible for the assignment
without violating the precedence constraint. For U‐line, the assignable tasks are those that
locate on the left‐hand side of the precedence diagram without any predecessor (assign to
the Front) and on the right‐hand side of the precedence diagram without any successor (as‐
sign to the Back).
Let S1 be the set of tasks that can be assigned to the Front of Line 1, S2 be the set of tasks
that can be assigned to the Back of Line 1, S3 be the set of tasks that can be assigned to the
Front of Line 2, and S4 be the set of tasks that can be assigned to the Back of Line 2. Group
all assignable tasks into their appropriated sets, i.e. S1, S2, S3 and S4.
Open a new workstation.
Select the task with the highest priority from the assignable task list and assign it to the cor‐
responding side (i.e. S1, S2, S3 and S4) of the U‐line.
Reduce the number of to‐be‐assigned tasks by 1. If the number of to‐be‐assigned tasks is
equal to 0, then the algorithm is completed; otherwise, go to (7).
Compute the remaining available time of the workstation.
Update the assignable task list by considering only those that their task times are less than
the remaining available time of the current workstation without violating the precedence
constraint as follows:
a) If the assigned task is in S1 (the Front of Line 1), the assignable tasks are those that are in
S1 (to form a regular workstation) and S2 (to form a crossover workstation).
b) If the assigned task is in S2 (the Back of Line 1), the assignable tasks are those that are in
S1 (to form a crossover workstation), S2 (to form a crossover workstation) and S3 (to
form a multi‐line workstation).
c) If the assigned task is in S3 (the Front of Line 2), the assignable tasks are those that are in
S2 (to form a multi‐line workstation), S3 (to form a regular workstation) and S4 (to form
a crossover workstation).
d) If the assignable task is in S4 (the Back of Line 2), the assignable tasks are those that are
in S3 (to form a multi‐line workstation) and S4 (to form a regular workstation).
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9.
10.
11.
12.

13.

If the assignable task list is empty and the to‐be‐assigned tasks still exist, then go to (4);
otherwise, select the task with the highest priority from the assignable task list and assign it
to the classified side of the line.
Reduce the number of to‐be‐assigned tasks by 1. If the number of to‐be‐assigned tasks is
empty, then the algorithm is completed; otherwise, go to (11).
Compute the remaining available time of the workstation.
Update the assignable task list by considering only those that their task times are less than
the remaining available time of the current workstation without violating the precedence
constraint as follows:
a) If the recently assigned task still forms a regular workstation with the previously as‐
signed tasks, the assignable tasks can be found in the same way as 8(a)‐8(d).
b) If the recently assigned task forms a crossover workstation with the previously assigned
tasks, the assignable tasks are those that belong to S1 and S2, or S3 and S4, depending on
the line (Line 1 or Line 2) where the crossover workstation is located.
c) If the recently assigned task forms a multi‐line workstation with the previously assigned
tasks, the assignable tasks are those that belong to S2 and S3 only.
Repeat steps 9‐12.

Assume that the precedence diagrams of the products to be assembled on Line 1 and Line 2
are shown in Fig. 5. The common cycle time of the lines is 30. The numerical example of the algo‐
rithm is demonstrated in Table 1. Fig. 6 depicts the resultant PAUL which consists of three regu‐
lar workstations on Line 1, one crossover workstation on Line 1, one regular workstation on
Line 2, one crossover workstations on Line 2, and one multi‐line workstation.

(a) Line 1

(b) Line 2

Work‐
station

Fig. 5 An example of solution strings

1

2
3
4
5
6
7
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S1
A1
A1
A1
A1
A1
A1
A1
A1
A1
A1
A2, A3
A2, A3
A2
A4
A5
A8

Table 1 Task‐to‐workstation assignment (cycle time = 30)
Assignable Task
Line 1
Line 2
Select
S2
S3
S4
A9
B1
B3, B6, B7
B6
A9
B1
B3, B5, B7
B7
A9
B1
B3, B5, B4
B4
A9
B1
B3, B5
B1
A9
B2
B3, B5
B2
A9
B3, B5
B3, B5
A9
A8, A6, A7
B3, B5
B3, B5
A7
A8, A6
B3, B5
B3, B5
B3
A6, A8
B5
B5
B5
A8, A6
A1
A8, A6
A6
A8
A3
A8
A2
A8
A4
A8
A5
A8
A8

Task
Time

Idle
Time

12
10
6
1
10
16
3
7
10
15
15
10
9
13
10
12

18
8
2
1
20
4
1
23
13
15
0
20
11
17
7
18
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Fig. 6 The resultant PAUL

4. Results and discussion
4.1 Experimental design
Problem set
Twelve problems were used to test the performances of MOEA/D‐PSO. The problems were mod‐
ified from previously published research to fit in the PAUL’s environment and they were classi‐
fied into three sizes, i.e. small, medium and large. The number of tasks ranged from 30‐50, 50‐
100 and 100‐170 for small, medium and large, respectively. In each problem, the cycle times of
the lines were assumed unequal and varied in three levels; hence, the common cycle time of the
system was determined according to [2]. In addition, mixed‐models of the product were pro‐
duced by each U‐line. Table 2 shows the detail of each problem.
Parameter settings of the algorithms
Three algorithms were tested in this research, i.e. MOEA/D, MOPSO and MOEA/D‐PSO. MOPSO is
the conventional PSO algorithm but applying the Pareto‐based fitness scheme to guide its search
trajectory. In order to provide a fair‐play contest, all algorithms were carefully coded and tuned
so that they could execute at their best performances. The parameter tuning of the algorithms
was based on the result obtained from statistical analyses of the experimental designs, particu‐
larly the general full factorial design. All programs were coded in MathLab on a notebook com‐
puter using Intel® CoreTM i7‐7700HQ CPU@2.8GHz 8.00 GB RAM 64‐bit operating system oper‐
ated under Microsoft Windows 10 Pro.
Two parameters of MOEA/D including the number of weight vectors in the neighbourhood
and the maximum number of solutions replaced by each offspring were set at 10% and 20%,
respectively. The values of inertia weight, cognitive learning parameter and social learning pa‐
rameter (learning) for MOPSO were set at 1, 1.5 and 1, respectively. For MOEA/D‐PSO, the val‐
ues of the number of weight vectors in the neighbourhood, the maximum number of solutions
replaced by each offspring, inertia weight, cognitive learning parameter and social learning pa‐
rameter were set at 10 %, 20 %, 1, 1.5 and 1, respectively. The number of populations in each
algorithm was 133. The number of generations was 1000, 1500 and 2000 for small, medium and
large problems, respectively.
Pareto‐based metrics
To evaluate the relative performances of the algorithms in a Pareto sense, several metrics were
employed in this research. The metrics which are related to the convergence performance of the
algorithms including generational distance ( ), inverted generational distance (
), ratio of
) and ratio of non‐dominated solutions (Pare‐
non‐dominated solutions (self‐comparison,
).
is a metric to indicate the diversity of non‐dominated
to‐optimum comparison,
solutions. The detailed formulations of all Pareto‐based metrics were discussed by Coello Coello
and Cortés [8] and Chutima and Olarnvanitchai [9].
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No.

Problem

1

Mitchell

2

Jackson

3

Mitchell

4

Rozieg

5

Heskiaoff

6

Gunther

7

Killbridge

8

Killbridge

9

Killbridge

10

Tonge

11

Tonge

12

Arcus1

Table 2 Problems used in the experiments
Line1
Line2
Cycle
Models
MPS
Problem
Models
MPS
Time
15
2:1:2
3:1
3
18
Jackson
2
21
9
1:2:1
3:1
11
Rozieg
2
3
13
17
2:1:2
1:2:1
2
21
Rozieg
3
21
21
1:2:1
2:1:2
3
25
Rozieg
3
16
138
1:1
1:1
3
205
Heskiaoff
2
216
41
1:1
2:3
54
Sawyer
2
3
81
79
1:1
2:3
3
110
Heskiaoff
2
110
57
1:1
1:3
2
92
Kilbridge
2
110
79
2:1:2
1:2:1
3
110
Tonge
3
110
320
1:1:1
3:1
3
207
Tonge
2
293
220
3:1
Wee-mag
1:1:1
2
252
3
303
6842
1:1:2
1:2:1
3
7571
Acrus1
3
6309

Cycle
Time
10
12
14
18
22
26
34
18
21
42
50
32
205
216
324
41
54
81
138
205
216
79
110
110
410
468
527
320
270
220
270
84
101
6842
7571
6309

Total
Task
32

36

46

50

56

65

73

90

115

140

145

166

Common
Cycle
Time
30
36
42
18
22
26
34
126
21
42
50
32
28290
44280
648
41
54
81
10902
4510
11880
4503
5060
110
32390
25740
57970
320
6210
64460
5940
252
303
6842
7571
6309

4.2 Experimental results
Table 3 in Appendix A shows the relative performances of all algorithms in tackling the PAULBP.
As mentioned earlier, two performance aspects can be evaluated when facing MOPs, i.e. conver‐
gence and spread. The first convergence‐related metric is
which indicates the distances be‐
tween the non‐dominated solutions (NDSs) on the PF obtained by the algorithm and the closest
NDSs on the approximated true Pareto front (ATPF). Note that ATPF is constructed by applying
non‐dominated sorting to the combined PFs of all algorithms obtained after the algorithm is
terminated. If
is 0 (the best value of
), the PF of the algorithm is perfectly overlapped with
the ATPF. It is obvious that
of MOEA/D‐PSO are always lowest, followed by MOEA/D and
MOPSO, regardless of the problems’ sizes. In addition,
obtained by MOEA/D‐PSO are always
very close to 0 meaning that most of its obtained NDSs are on the ATPF.
is similar to
, but it measures the distances between the NDSs on the ATPF and the
closest NDSs on the PF obtained by the algorithm. As a result,
also implies the coverage of
the extreme points on ATPF by the algorithm. The algorithm with a lower
is the better one
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(the best value of
is 0). It is obvious that MOEA/D‐PSO always has the lowest values of
comparing with MOEA/D and MOPSO, regardless of problem’s sizes and cycle times.
and
are another important convergence‐related metrics. They specify how many
compares this number with its
of the NDSs on the PF of the algorithm belongs to the ATPF.
compares this number with the NDSs on the
owned number of NDSs on the PF; whereas,
and
are the better algorithm. The results show clear‐
ATPF. The higher the values of
and
ly that MOEA/D‐PSO often outperforms MOEA/D and MOPSO. When the results from
are interpreted along with
and
, it conveys about the PF of MOEA/D‐PSO that it is
located pretty close to the ATPF and all of its NDSs are almost on the ATPF. In addition, the PF of
MOEA/D‐PSO covers the extreme point on the ATPF.
is used to assess the distribution of NDSs produced by the algorithm which is related
to the diversity of the solutions. This metric determines how much difference between the dis‐
tance between two adjacent NDSs and the average distance. The lower
(i.e. more uni‐
form distribution) is the better algorithm. Although MOPSO often provides the best
, par‐
ticularly in large sizes’ problems, its value is marginally lower than MOEA/D and MOEA/D‐PSO.
This result comes with unsurprising since there is no diversity preservation mechanism embed‐
ded in any algorithm tested in this research.
Another aspect observed during the experiments, but does not present in this paper because
of page limitation, is the number of workstations ( ) and stations ( ) created by each algo‐
created by all algorithms is almost the same as the
rithm. It is found that the best value of
ideal number which calculates from dividing the total task time by the cycle time. MOEA/D‐PSO
comparing with the other algorithms. In addition, the best value of
always obtains the best
generated by each algorithm is the same. This reflects the effectiveness of the decoding
method that is proposed in this research, as well as the PAUL’s configuration.
In theory, the PAUL’s concept is viable and could be extended to integrate more than two or
even all U‐lines located in close vicinity of each other to form a multi‐PAUL facility. However, in
practice, a number of issues that should be carefully addressed are as follows. For some factories
that do not plan to utilise the PAUL in advance, it may be necessary to re‐arrange their existing
U‐lines to be aligned with the PAUL layout.
The distance between the adjacent U‐lines which will be used to form the PAUL should not be
too long. In addition, multi‐line workers should be more appropriate to work in a standing pos‐
ture since they will have to travel back and forth between two legs of different U‐lines. The need
to walk while working could cause fatigue in the workplace with workers.
The features of tasks assigned to two legs of a multi‐line workstation of the PAUL must not be
too much diverse, e.g. soldering IC’s pins (expert hands) and visual inspection (expert eyes). If
possible, they should be in the same category, i.e. requiring the same skill. In fact, multi‐skilled
workers should not be bombarded with too many skill trainings since it could prevent them
from being an expert in the field. In addition, higher wages should be paid to multi‐line workers
since their responsibilities are much higher than workers in regular workstations.

5. Conclusion
A novel assembly line configuration widely found in many multiple U‐lines facilities but no one
has ever utilised it, namely a PAUL, is proposed in this paper. This configuration is developed to
increase the productivity of two or more U‐lines placed adjacently and some of their work‐
stations are underutilised (i.e. high idle time) while they are operated independently. To in‐
crease the utilisation rate of the whole system, paralleling these U‐lines is done by allowing the
formation of multi‐line workstations located between their adjacent legs (Front of one U‐line
and Back of the other adjacent U‐line). Multi‐skilled labours are allocated such workstations to
ensure the smoothness of mixed‐model production flow on the PAUL. Several conflicting objec‐
tives of the PAULBP are optimised simultaneously and evaluated under a Pareto sense. Since the
problem is NP‐hard, the decomposition‐based algorithm to generate good layouts of the PAUL is
proposed namely MOEA/D‐PSO which is the hybridisation between MOEA/D and PSO. The algo‐
rithm is tested against MOEA/D and MOPSO to assess their relative performances. Several prob‐
Advances in Production Engineering & Management 14(1) 2019
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lems with different sizes, number of tasks, product mixes and cycle times are employed as testbed cases. The results reveal clearly that MOEA/D-PSO outperforms MOEA/D and MOPSO in
terms of convergence-related metrics while their performances are indifferent in diversityrelated metric. In addition, the decoding algorithm is quite effective in generating good PAUL
layouts. The further research directions could be extended to the PAULBP Type II, considering
the walking time of the worker, various skilled labour [10], asynchronous U-lines [11], or simultaneous balancing and sequencing [12].
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Table 3 Experimental results (continuation)
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