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（summary） 

Seru production is one of the latest manufacturing modes arising from Japanese 

production practice. Seru can achieve efficiency, flexibility, and responsiveness 

simultaneously. To accommodate the current business environment with volatile demands 

and fierce competitions, seru has attracted more and more attention both from researchers 

and practitioners. A new planning management system, just-in-time organization system 

(JIT-OS), is used to manage and control a seru production system. The JIT-OS contains two 

decisions: seru formation and seru loading. By seru formation, a seru system with one or 

multiple appropriate serus is configured; by seru loading, customer ordered products are 

allocated to serus to implement production plans. In the process of seru formation, 

workers have to be assigned to serus. In this paper, a seru loading problem with worker 

assignment is constructed as a bi-level programming model, and the worker assignment 

on the upper level is to minimize total idle time while the lower level is to minimize the 

makespan by finding out optimal product allocation. A product lot can be splitted and 

allocated to different serus. The problem of this paper is shown to be NP-hard. Therefore, 

a simulated annealing and genetic algorithm (SA-GA) is developed. The SA is for the 

upper level programming and the GA is for the lower level programming. The practicality 

and effectiveness of the model and algorithm are verified by two numerical examples, and 

the results show that the SA-GA algorithm has good scalability. 
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Abstract. Seru production is one of the latest manufacturing modes aris-

ing from Japanese production practice. Seru can achieve efficiency, flexibility,
and responsiveness simultaneously. To accommodate the current business en-

vironment with volatile demands and fierce competitions, seru has attracted

more and more attention both from researchers and practitioners. A new plan-
ning management system, just-in-time organization system (JIT-OS), is used

to manage and control a seru production system. The JIT-OS contains two

decisions: seru formation and seru loading. By seru formation, a seru system
with one or multiple appropriate serus is configured; by seru loading, cus-

tomer ordered products are allocated to serus to implement production plans.

In the process of seru formation, workers have to be assigned to serus. In
this paper, a seru loading problem with worker assignment is constructed as a

bi-level programming model, and the worker assignment on the upper level is

to minimize total idle time while the lower level is to minimize the makespan
by finding out optimal product allocation. A product lot can be splitted and

allocated to different serus. The problem of this paper is shown to be NP-hard.
Therefore, a simulated annealing and genetic algorithm (SA-GA) is developed.

The SA is for the upper level programming and the GA is for the lower level

programming. The practicality and effectiveness of the model and algorithm
are verified by two numerical examples, and the results show that the SA-GA

algorithm has good scalability.

1. Introduction. In the past three decades, volatile and diversified demands, high
capital, and labor cost as well as the rapid revolution in technology have posed great
challenges to manufacturing industries, especially to the high-tech like electronics.
Such tough environment motivates enterprises to modify traditional production
systems with high automated equipment and low worker involvement and to create
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new production modes. In 1992, under the background of the economic crisis in
Japan since 1990s, a new production system named seru was created at a factory in
Sony. Later on, many manufacturing enterprises such as Canon, Sharp, Panasonic,
etc. also adopted seru production systems (Liu et al., 2014 [25]). Taking Canon as
an example, the company dismantled assembly lines of its 54 factories with a total
length of about 20,000 meters and replaced them with serus. This replacement
saved 720,000 square meters of workshop space and reduced the average working
time of WIP from 3 days to 6 hours (D&M Nikkei Mechanical, 2003 [6]), and
the total cost was reduced by 230 million yen (Weekly Toyo Keizen, 2003 [45])
From 1999 to 2005, its subsidiary, Canon Electronics Corporation, increased profit
from 1.1 billion yen to 11.8 billion yen, reduced factory space by 70%, reduced
energy demand (water, electricity, etc.) and carbon dioxide emissions by 50% and
increased average productivity by 4 times (Hisashi Sakamaki, 2006 [11]; Yu and
Tang, 2019 [58]). Yin et al. (2017) provided more detailed data on the benefits
of implementing seru production in Canon and Sony [51]. Researches show that
seru is more adaptive and competitive in unpredictable environment with multiple
product models, fluctuated volumes, and short product life cycles (Sakamaki, 2006
[36]; Zhang et al., 2017 [59]). Seru is considered as a potential production system
for Industry 4.0 (Yin et al., 2018 [52]).

Seru production system is a relatively new production mode arising from Japan-
ese production practice (Yin et al., 2017 [51]), the research on seru is still few
because of its short history. Recently, seru has attracted attention from leading
scholars. For example, Roth et al. (2016) summed up the development of opera-
tions management over the past 25 years, pointing out 8 possible future research
directions. They listed seru as one of the new research fields worthy of attention,
i.e., “seru production systems are more flexible than Toyota production system,
and they represent the next generation of lean production that has recently been
introduced to operations” [34]. Similarly, Treville mentioned that although there
is little research on seru production systems outside Japan, its progressiveness has
been verified in practice. By applying seru production, some Japanese electronics
enterprises have been able to respond quickly to market demands and confront with
rapid development and upgrading of products (Treville et al., 2017 [5]). Although
seru production mode has been successfully implemented in many manufacturing
enterprises, the academic research on it is not sufficient enough to guide production
practice. In this paper, we take a seru loading problem with worker assignment
and lot-sppliting into consideration, and hopefully this research could promote the
practice of seru production.

Seru is the Japanese pronunciation for cell. Seru is defined as a low automated
assembly system that is converted from traditional conveyor line. A seru system
consists one or more serus. A seru consists of simple equipment and multi-skilled
workers to complete one or more product types (Yin, Stecke and Kaku, 2008 [48];
Stecke et al., 2012 [39]). The difference between seru production and celluar man-
ufacturing can be found in Yin et al. (2018) [52], Sakazume (2005) [35], and Liu et
al. (2010) [24]. They stated that these two types of production systems are similar
in layout such as U-sharped. Manufacturing cells are converted from functional
layout job shops into product layout flow shops using group technology. Seru is a
conversion of conveyor lines. Cells are mainly used in machining processes but seru
is mainly adapted in the assembly process. Yin et al. (2017) [51] added that serus
are reconfigurable while cells are usually fixed.
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There are three types of seru, namely divisional seru, rotating seru and yatai
(Akino, 1997 [2]), which reveal the evolution of seru production system, see Fig.
1. A divisional seru is configured at the first stage when converting a line into
several serus. As seru implementation and worker training carry on, the workers
possess the whole skill required for assembly, rotating serus can be constructed. The
equipment is shared by several fully skilled workers in rotating serus, they move
from one workstation to another to complete all the operations from start to end
one by one in each seru. The operations on a single product are completed by a fully
skilled worker and not shared with other workers. When a product is finished, the
worker returns to the first workstation and begins a new round (Liu et al., 2014 [25]).
The efficiency of each seru is mainly decided by the slowest worker in a rotating
seru, thus causing waste in processing time. Sometimes, a supervisor is required to
take charge of managerial tasks in rotating serus. The benefit of rotating seru is
its flexibility to fluctuated volumes. The high the production volume, the more the
number of workers within a rotating seru. On the contrary, the low the production
volume, the less the number of workers are assigned. Some rotating serus can finally
evolve into yatais. A yatai is a highly self-disciplined seru that contains only one
fully cross-trained worker who takes full charge of the processing procedure (Liu
et al., 2010 [24]). There are hybrid seru systems in which different seru types and
conveyor lines exist (Iwamuro, 2004 [15]; Miyake, 2006 [32]). Researches on seru
production usually focus on specific seru types and/or hybrid seru systems. Liu
et al. (2014) [23] discussed the production planning problem in multi-stage multi-
option seru systems. Yu et al. (2017) [56] took line-hybrid seru conversion problem
into account. Some research on the practice of seru production is ongoing, including
seru-line conversion (Shao et al., 2016 [37]; Yu et al., 2017 [55]; Aboelfotoh et al.,
2018 [1]; Zhang et al., 2019 [62]), seru formulation (Yu et al., 2018 [57]; Wang and
Tang, 2018 [46]) and reliability of seru systems (Han et al., 2018 [7]; Han et al., 2019
[8]). This paper will focus on the seru loading problem with worker assignment in
the context of rotating serus.
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Figure 1. Three types seru

A new planning system, JIT-OS, is used to manage and control a seru production
system. The industrial cases of JIT-OS can be found in Yin et al. (2008) [48] and
Stecke et al. (2012) [39]. JIT-OS is an extension, or upgrade, of traditional JIT ma-
terial system (JIT-MS). Their mechanisms are similar: the correct materials/serus,
in the right place, at the appropriate time, in the exact amount. The difference is
the focus from materials to organizations (i.e., serus). According to Stecke et al.
(2012) [39], the application of JIT-OS is as follows. First, apply the principles of the
correct serus, in the right place, at the appropriate time for product model changes.
This involves the relocation or relayout of either current serus or the creation of



4 LAN LUO, ZHE ZHANG AND YONG YIN

new serus for both new models or model changes. Second, determine the appropri-
ate number of serus and/or number of workers within serus to handle production
volume fluctuation. The JIT-OS contains two decisions: seru formation and seru
loading. By seru formation, a seru system with one or multiple appropriate serus
is configured; by seru loading, customer ordered products are allocated to serus to
implement production plans. In the process of seru formation, workers have to be
assigned to serus. In this paper, a seru loading problem with worker assignment is
constructed as a bi-level programming model.

Seru loading is included in production planning problem, which plays an essen-
tial role in deciding the performance of a seru system. It contains two aspects: one
is to assign products to feasible serus (or assign feasible serus to products), and
the other is to give a preliminary order for products in each seru (Süer and Dagli,
2005 [40]). Tao et al. (2010) [43] developed a semi-online algorithm for scheduling
problem with bounded processing time. Yin et al. (2013) [50] studied scheduling
problem with past-sequence-dependent delivery times. Zhao et al. (2014) [63] con-
sidered scheduling and assignment problem with rejection and position dependent
processing time. Lot-splitting and setup time are two main factors when making
seru loading decision. On one hand, parallel production may reduce total makespan
and increase the flexibility of the whole seru system. On the other hand, too smal-
l lot size brings about frequent setups which may in turn cause an increase in
makespan. Lot-splitting means the demand of a product can be divided and the
product can be allocated to more than one seru, it is usually neglected in researches
about seru on account of complexity. However, other researches have been carried
on with lot-splitting in the scenarios of jobshop, CM and traditional conveyor line.
Low et al. (2004) [27] studied the benefits of lot-splitting in job-shop production
system. Huang and Yu (2017) [14] designed an ant colony algorithm for solving
multi-objective job-shop scheduling problem with equal-size lot-splitting. What’s
more, setup time is another deciding factor in loading problem which is usually con-
sidered to be zero in seru context. Some researches under other production modes
provide us with similar understandings. Hsu et al. (2010) [13] regarded setup time
to be proportional to the length of the already processed jobs. Luo et al. (2015)
[28] solved scheduling problem for hybrid flowshop with family setup time. Pei et
al. (2017) [33] considered time-dependent setup time which is a liner function of
starting time. Luo et al. (2017) [29] estimated setup time by the number of d-
ifferent operations between two adjacent products in one seru. Apart from these
two main factors above, assignment of multi-skilled workers are the key factor that
deciding the performance of seru production system. Babayigit and Süer (2003) [3]
considered minimizing tardy jobs with limited manpower. Liu et al. (2013) [26]
investigated training and assignment problem of workers with the aim of balance
workers’ workload. Ying and Tsai (2017) [53] worked on training and assigning
multi-skilled workers in seru system to minimize total cost. Lian et al. (2018) [22]
considered a multi-skilled worker assignment problem with worker heterogeneity in
seru systems. Sun et al. (2019) [41] developed a cooperative coevolution algorithm
which combining generic algorithm and local search, and the ant colony optimiza-
tion algorithm for solving seru formulation and seru scheduling problem at the same
time with the objective of minimizing makespan. Sun et al. (2019) [42] used a co-
operative coevolution algorithm to solve seru production problem aim at reducing
the total tardiness. Although the researches above took worker assignment into
account, few researches has considered the hierarchy of worker assignment decision
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and production allocation decision. In that case, the seru loading problem with
worker assignment in this paper is abstracted as a bi-level programming model.

Because of the complexity of practical production decision-making problems
which may be in the charge of different hierarchical decision makers, bi-level pro-
gramming has been widely utilized in the field of engineering optimization. There
are mainly two aspects of methods for solving bi-level programming, one is analyt-
ical methods, and the other is heuristics (Sinha et al. 2018) [38]. Due to the non-
convexity and non-differentiability of bi-level programming, the heuristics including
meta-heuristic methods are widely used. Kasemset and Kachitvichyanukul (2010)
[19] built a bi-level multi-objective model under Theory of Constraints (TOC) for
job shop scheduling. Kasemset and Kachitvichyanukul (2012) [20] developed a PSO-
based procedure for bi-level job-shop scheduling problem. Yang et al. (2013) [47]
designed an electromagnetism-like optimization algorithm for bi-level programming
problems. Han et al. (2013) [9] proposed a bi-level model for scheduling prob-
lem with lot-splitting in virtual cell manufacturing system. Zhang et al. (2014)
[61] introduced bi-level programming with MOBL-APSO algorithm to resource-
constrained multiple project scheduling problems in hydropower station. Behnia
et al. (2017) [4] built a bi-level mathematical model for cell formulation problem
considering workers’ interest. Zhang and Xu (2016) [60] developed a bi-level multi-
objective MRCPSP (multi-mode resource-constrained projects scheduling problem)
model with fuzzy random coefficients and bi-random coefficients. In this paper,
we will design a simulated annealing and genetic algorithm (SA-GA) to solve the
proposed bi-level seru loading model, where SA is for upper level programming and
the GA is for lower level programming.

The remainder of this paper is organized as follows: a detailed description for
the seru loading problem with worker assignment is presented in Section 2. Then
in Section 3, a bi-level model is formulated based on the problem description above.
To solve this NP-hard problem, a simulated annealing and genetic algorithm (SA-
GA) is designed in Section 4. Section 5 provides two numerical examples to test
the effectiveness of the proposed model and algorithm. The conclusions and future
research are finally shown in Section 6.

2. Problem description.

2.1. Seru loading problem with worker assignment. In this section, a seru
loading problem with worker assignment will be discussed. Since multi-skilled work-
er is the core of seru production system, so its assignment is one of the most impor-
tant issues. Normally, when the orders are received, the worker assignment decision
is firstly made by the first-line managers. Then, the serus are constructed and the
ability of each seru (whether a product can be produced and its producing time) is
also determined. According to this worker assignment, the product allocation deci-
sion is made by the production planning department. Subsequently, the production
planning department feedbacks his result to the first-line managers to check it is
satisfied or not. If it is not, the process above will be repeated until the optimal
worker assignment and loading results are obtained. In this decision making pro-
cess, although the first-line managers cannot make product allocation decision of
lower level directly, they can guide the decision. Besides, the product allocation
decision could in turn affects worker allocation on the upper level. Hence, the out-
put of worker assignment in the upper level is the input of product allocation in
the lower level. Meanwhile, the output of lower level is also the input of the upper
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level. Therefore, the seru loading problem in this paper is formulated as a bi-level
problem, see Fig. 2.

With regard to worker assignment, the workers’ processing time for each product
are known and which seru the workers should be assigned to is needed to be decided.
The serus discussed in this paper are all rotating serus, the divisional serus and
yatais are left for the future research. In a rotating seru, the workers are in charge
of the whole processing procedures of a single product but the equipments are
shared with each other. They move along with the materials from one workstation
to another to complete the processing procedures. The ability of serus are decided
by workers assigned to them, and if at least one worker in the seru is capable of
processing a product, then the seru can process this product. And the efficiency of
each seru is mainly decided by the slowest worker in the seru, and the other workers
in the seru should stop and wait for the slowest one. Thus, the waiting time is their
idle time. The aim of worker assignment is to balance the ability of workers in each
seru, i.e. to minimize the total idle time of the workers.

When it comes to seru loading, the demands of each product are known, and
which seru the product should be allocated to along with the allocation quantity
is to be decided. The products are sorted by due dates in advance, so that the
products with the earlier due date will be prioritized. Lot-splitting is allowed in
this paper to ensure the solutions be more balanced and flexible. The aim of product
allocation is to minimize the makespan. Makespan means the maximum processing
time of all the serus in the whole seru production system. The demands of the
products should be satisfied and there is an upper limit of processing time for each
seru. Except for the objective which is to minimize the maximum of several values,
the constraints of product allocation present the characteristics of transportation
problem.

2.2. Assumptions. The following assumptions are made to formulate the bi-level
programming model of seru loading problem with worker assignment:

(1) The seru system has already been configured, and the reconfiguration
is not taken into consideration.

(2) Each product can be produced in at least one seru.
(3) The demand of each product have already been known.
(4) The manpower assignment is decided before product allocation.
(5) The raw materials are already in place, so the product can be assembled

immediately after setup.
(6) The serus are kanketsu, i.e. all the procedures required for producing

a product can be completed within the assigned serus.

2.3. Notation. Indices
i seru index i = 1, 2, · · · , I
j product index j = 1, 2, · · · , J
w worker index w = 1, 2 · · · ,W

Parameters
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Some worker assignment result
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Seru loading result

Product allocation

Product 1, 2, 3, 4, 5

Upper level model

Lower level model

Seru 1

Seru 2

Seru 3

1(638.4mi n)

20.9mi n

3(305.5mi n)

10.4mi n 2400mi n

1294.4mi n

1603.5mi n

1771.6mi n

2(319.2mi n)

4(980.5mi n)2(202mi n)

32.7mi n

5(369.6mi n)

5(980.4mi n)2(772.5mi n)

18.7mi n

18.7mi n

Note:   product 1          product 2           product 3           product 4           product 5

Preliminary sorting by due dates

Yes

No

Objective: Minimize makespan

Output optimal worker assignment with
minimum idle time and the corresponding

product allocation

F
ee

d
b

ac
k

First-line managers

Worker assignment
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Satisfied?

Figure 2. Whole bi-level decision procedure
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Qj the demand for product j
sj setup time before producing product j
twj worker w’s producing time of product j
tij the processing time of product j in seru i
Ti the maximum producing time of seru i in this period
W l

i the minmum number of workers can be assigned to seru i
Wu

i the maximum number of workers can be assigned to seru i

ejw =

{
1, if worker w can assemble product j,
0, otherwise.

Decision variables

ywi =

{
1, if worker w is assigned to seru i,
0, otherwise.

fij =

{
1, if seru i can process product j,
0, otherwise.

xij =

{
1, if product j is allocated to seru i,
0, otherwise.

Qij the quantity of product j being assigned to seru i

There are some connections among these variables:
The efficiency of a rotating seru is decided by the slowest worker, i.e.:

tij = max{w=1,··· ,W}{ywi twj }

If worker w can assemble product j, then his/her processing time for product j
cannot be zero, i.e.:

ejw =

{
1, twj 6= 0
0, otherwise.

If one of the worker in seru i can produce product j, then the seru can produce
product j, i.e.:

fij = max{w,··· ,W}{ywi ejw}
Besides, the total number of workers that can produce product j in seru i is:

W∑
w=1

ywi e
j
w

If product j is allocated to seru i, then the allocated quantity cannot be zero, i.e.:

xij =

{
1, Qij 6= 0
0, otherwise.

Moreover, let vij =

{
1,

∑j−1
j′=1 xij′ = 0

0, otherwise.
, then vijxij = 1 means that prod-

uct j will be firstly produced in seru i.

3. Modeling.

3.1. Upper level model. The objective of upper level model is to minimize the
total idle time of all the workers in this seru production system, and it is the waiting
time of all the workers on average workload in their assigned seru, i.e.:

min

I∑
i=1

J∑
j=1

W∑
w=1

(tij − twj )ywi
Qij∑W

w=1 y
w
i e

j
w

(1)
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Since a worker can only be allocated to one seru, thus:

I∑
i=1

ywi = 1 ∀w (2)

Because of the space and equipment limits as well as the increase in management
difficulties as workers adding, the number of workers in each seru is supposed not
to exceed the maximum number. What’s more, the minimum number of workers in
each seru should be guaranteed in case that the workload of workers in serus which
have small number of workers is too heavy, i.e.:

W l
i ≤

W∑
w=1

ywi ≤Wu
i ∀i (3)

Besides, there are also some logical constraints in upper level model:

ywi , fij ∈ {0, 1} (4)

3.2. Lower level model. The objective of lower level model is to minimize the
total makespan, which is the finishing time of the latest product in the whole system,
i.e.:

min MS = max{i∈{1,··· ,I}}

J∑
j=1

(
Qijtij∑W
w=1 y

w
i e

j
w

+ sjxijvij

)
(5)

Because a product can only be assigned to feasible serus, so:

xij ≤ fij ∀i, j (6)

And, the total quantity of demand should be fulfilled when splitting into lots:

I∑
i

Qij = Qj ∀j (7)

In addition, the total producing time of each seru cannot exceed its available time
in the period,i.e.:

J∑
j=1

(
Qijtij∑W
w=1 y

w
i e

j
w

+ sjxij

)
≤ Ti (8)

Finally, there are also some logical constraints in lower model, i.e.:

Qij ≥ 0 (9)
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To sum up, the bi-level programming model formulated for the seru loading problem
in this paper is as follows:

min
∑I

i=1

∑J
j=1

∑W
w=1(tij − twj )ywi

Qij∑W
w=1 yw

i ejw

s.t.



∑I
i=1 y

w
i = 1, ∀w

W l
i ≤

∑W
w=1 y

w
i ≤Wu

i , ∀i
tij = max{w=1,··· ,W}{ywi twj }, ∀i, j
fij = max{w=1,··· ,W}{ywi ejw}, ∀i, j

ejw =

{
1, twj 6= 0
0, otherwise.

ywi , fij ∈ {0, 1}
i = 1, 2, · · · , I; j = 1, 2, · · · , J ;w = 1, 2, · · · ,W ;

min MS = max{i∈{1,··· ,I}}
∑J

j=1

(
Qijtij∑W
w=1 yw

i ejw
+ sjxijvij

)

s.t.



xij ≤ fij , ∀i, j∑I
i=1Qij = Qj , ∀j∑J
j=1

(
Qijtij∑W
w=1 yw

i ejw
+ sjxij

)
≤ Ti, ∀i

xij =

{
1, Qij 6= 0
0, otherwise.

Qij ≥ 0

i = 1, 2, · · · , I; j = 1, 2, · · · , J ;w = 1, 2, · · · ,W

(10)

4. Bi-level simulated annealing and genetic algorithm (SA-GA). Bi-level
programming problem has been proven to be NP-hard (Jeroslow, 1985 [16]; Hansen,
Jaumard and Savard, 1992 [10]; Vicente, Savard and Judice, 1994 [44]). What’s
more, the upper level programming of worker assignment has been proven by Yu
et al. (2014) [54] as an exact cover problem which is one of the Karp’s 21 NP-
complete problems (Karp, 1972 [18]) . Similarly, the seru loading problem has
also been proven to be NP-hard by Yin et al. (2011) [49]. Therefore, it can be
concluded that the bi-level seru loading problem with worker assignment is an NP-
hard problem. Considering the complexity of bi-level programming, especially with
mixed integer variables and minimax objective in lower level programming, a non-
numerical stochastic method i.e. SA-GA algorithm is designed to solve this problem.
In this algorithm, the SA is dedicated for the upper level programming because its
ability to jump out of the local optimum due to Metropolis rule, while GA is for
lower level programming due to its robustness and global optimization. In the
process of finding the optimal solution, when a particular worker assignment is
decided in upper level programming, then the GA is used to find out the optimal
product allocation for this particular worker assignment. The outline of the SA-
GA algorithm which can briefly show the connection between the upper and lower
programming is presented in Fig. 3.

4.1. Simulated annealing for the upper level programming. Simulated an-
nealing (SA) is firstly introduced to combinatorial optimization by Kirk- patrick,



BI-LEVEL SERU LOADING PROBLEM WITH WORKER ASSIGNMENT 11

Upper level programming

Lower level programming

Meet
termination
condition?

Output optimal      and
corresponding

w

iy

ijQ

Yes

No

Generate worker assignment

w

i
y

Generate  corresponding
product allocation     under
certain worker assignment

w

iy

ij
Qw

i
y

ijQ

Figure 3. The outline of SA-GA algorithm

Gelatt and Vecchi (1983) [21]. The simulation of annealing procedure in solids pro-
vides a new method for solving complex problems with large number of variables.
Compared with hill-climbing method, SA provides a mechanism which is called Me-
tropolis for inferior solution being accepted. The Metropolis procedure, proposed
by Metropolis et al. (1953) [30], is used to generate a set of states under a cer-
tain temperature. Take minimization problem for example, let ∆E be the changing
quantity of evaluation i.e. ∆E = Enew − Eold. If ∆E ≤ 0, the old state will be
replaced by the new state. In other case, when ∆E > 0, the new state will be
accepted by the probability of

P = exp(−∆E/T ) (11)

It can be concluded from Eq. (11) that the acceptance is close to 1 when the
temperature is at a higher level in the beginning. SA in this stage is similar to
simple random search. As the iteration goes on, the temperature drops, as well as
the acceptance of inferior solution. At the end of the iteration, the temperature is
at a very low level and the acceptance of inferior solution is close to 0, which makes
the SA has the same effect as iterated hill-climbing methods. In that case, it can be
quickly convergent. SA is a local research method, but the Metropolis rule makes it
possible to jump out of the local optimum. Considering the global optimization and
rapid convergence SA has, it is utilized in this paper for upper level programming.

In this paper, a kind of permutation encoding method is used to represent the
solution. A chromosome is combined with W genes which correspond to W workers.
Thus, the position of a gene represents the worker’s number, and the value of a gene
means the seru’s number which the worker is assigned to. By this way of encoding,
the constraint in Eq. (2) which let a worker can only be assigned to one seru will
always be satisfied. An indicator variable yw to represent the value of a gene is
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defined as follows:

yw = i when ywi = 1,∀i, w (12)

A specific example of the encoding method is shown in Fig. 4. The numbers in the
first row which note the locations represent the number of a certain worker, and
the number ( i.e. yw ) in the second row is the seru where the worker is assigned.
For instance, in Fig. 4 the first worker is assigned to seru 1 , the second worker is
assigned to seru 2 and the third worker is assigned to seru 2, etc. The encoding
vector in programming is the second row.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

1 2 2 1 1 1 3 2 3 1 3 2 2 3 2seru

worker (location)

Figure 4. An example of SA encoding

The procedure of SA for upper level programming is summarized as follows:

Step 1: Initialize T max, T min, II, α, and set initial iteration T = T max,
t = 1;

Step 2: Generate initial random solution of worker assignment;
Step 3: Check constraints and repair the solution;
Step 4: Solve lower level programming by GA and get the best product alloca-

tion quantities;
Step 5: Evaluate the solution by the objective of total idle time;
Step 6: Set initial iteration ii = 1;
Step 7: Generate a random disturbance to the solution;
Step 8: Repeat Step 3-5;
Step 9: If eval new < eval old, receive the new solution; else receive the new

solution by Metropolis rule, ii = ii+ 1;
Step 10: If ii ≤ II, then go to Step 7, else go to Step 11;
Step 11: Let T = αT , t = t+1, If T ≥ T min, go to Step 6, else output the best

solution of worker assignment and its idle time, as well as the corresponding
product allocation quantities and makespan obtained by GA in lower level
programming.

Besides, the detailed procedure for generating initial solution and repairing is pre-
sented by the following pseudo codes in Algorithm 1, and the way of generating a
random disturbance to the current solution is shown in Algorithm 2. The pseudo
codes are based on MATLAB. And solving lower level programming by GA in step
4 will be explained in detail in the following section.

4.2. Genetic algorithm for the lower level programming. Since being pro-
posed by Holland in 1975 [12], the genetic algorithm (GA) has been widely used
in engineering optimization problem. GA is inspired by the natural evolution pro-
cedure, it starts from an initial population of random solutions. The offspring
population is generated from the parent population by a series of genetic opera-
tions i.e. selection, crossover and mutation. In each generation, the population
consists of a certain number of individuals, and each individual corresponds to a
potential solution. The individuals will be evaluated by a certain fitness function.
After obtaining the fitness value of each individual, the parents will be selected.
The individuals with higher fitness value are more likely to be chosen, according
to the assumption that better parents will generate better offspring. Hopefully the



BI-LEVEL SERU LOADING PROBLEM WITH WORKER ASSIGNMENT 13

Algorithm 1: Initialize and repair

Input: seru, worker, worker uplim, worker lowlim
Output: worker seru row

1 worker seru row = fix(rand(1, worker) ∗ seru) + 1;

2 seru worker = zeros(seru,worker uplim);

3 for w = 1 : worker do
4 if the number of assigned workers in seru: worker seru row(w) is less

than worker uplim then
5 assign worker w to the seru;

6 else
7 while worker w has not been assigned do
8 a = fix(rand ∗ seru) + 1;

9 if the number of workers in seru a is less than worker uplim then
10 assign worker w to seru a;

11 end

12 end

13 end

14 while the seru where the number of workers is less than worker lowlim

exists do
15 find the first unsatisfied seru noted as c;

16 b = fix(rand ∗ seru) + 1;

17 if b 6= c and the number of workers in seru b meets upper and lower

limits then
18 assign the worker with maximum number in seru b to seru c;

19 end

20 end

21 end

22 for w=1:worker do
23 [worker seru row(w), no use] = find(seru worker == w);

24 end

Algorithm 2: Generate disturbance

Input: seru, worker, worker seru row old
Output: worker seru row new

1 worker seru row dis = worker seru row old;

2 k = fix(rand ∗ worker) + 1;

3 if worker seru row dis(k) < seru then
4 change worker k to the next seru;

5 else
6 change worker k to seru 1;

7 end

8 check constraints and repair worker seru row dis;

9 worker seru row new = worker seru row dis;
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algorithm will converge to a best solution which may represent the optimal or subop-
timal solution. GA is developed for solving lower level model due to its robustness
and global optimization (Jones and Soule, 2016 [17]). The genetic algorithm for
lower level model is called repeatedly under different worker assignment results, the
robustness of genetic algorithm ensures that the results of product allocation won’t
be greatly affected by parameters compared with other algorithms. Besides, GA is
a global search method, and it can process multiple individuals at the same, which
speed up the velocity of finding solutions.

To meet the demand constraint in Eq. (7), allocation ratios are used in this
paper to represent the solution by real-number encoding. The genetic operators all
work on the allocation ratios. Fig. 5 intuitively shows the real-number encoding
way by allocation ratios. The algorithms for initialization and repairing solutions
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Figure 5. The genetic encoding based on allocation ratios

are as follows:
In this paper, a binary tournament selection method is used to select parents.

It chooses two chromosomes from the old population every time, the one with
higher fitness value will be introduced to the new population, the procedure will be
repeated until the number of individuals in the new population meets the population
size. After selection, the crossover operator used in the algorithm is arithmetical
crossover. Let chromosome x1 and x2 be the parents, and introducing a random
number of λ, then the two children are:

x
′

1 = λx1 + (1− λ)x2 (13)

x
′

2 = (1− λ)x1 + λx2 (14)

The mutation method used in the GA is nonuniform mutation, it is firstly raised
by Michalewicz (1996) [31]. For a chromosome x , if xk is the gene to be mutated,
there are two alternative ways of mutation, i.e.

x
′

k =

{
xk + ∆(g, xUk − xk), rand < 0.5
xk −∆(g, xk − xLk ), otherwise

(15)

xUk and xLk are the upper and lower limits of xk. In this paper, because the solutions
are represented by allocation ratios, the upper limit of allocation ratio is 1, and the
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lower limit is 0. The function ∆(g, y) is defined as follows:

∆(g, y) = y(1− r(1−
g
G )b) (16)

The parameter g represents the present genetic algebra when mutation occurs, and
G notates the maximum genetic algebra. Besides, r is the random number in [0,1]
interval while b marks the degree of nonuniformity (in this paper b is set to be 2
as normal). It can be known from the Eq. (16) that at early stage when g is very
small, ∆(g, y) is close to y, such that the xk can mutate in the whole solution space.
While at the late stage, ∆(g, y) approaches to 0, xk only mutate in a very small
neighbourhood. Therefore, the nonuniform mutation method can avoid prematurity
of the GA as well as improve the speed of convergence.

The detailed procedure of GA for lower level programming is as follows:

Step 1: Initialize pop size, GEN ;

Step 2: Generate initial population by allocation ratios;
Step 2.1: Set initial iteration a=1;

Step 2.2: Generate the allocation ratio of product j in seru i (rij) randomly,
set rij = 0 under the probability of p zero1, and normalize rij by rij =

rij∑I
i=1 rij

;

Step 2.3: Let a = a+ 1, If a > pop size, then go to step 3 , else go to Step
2.2 ;

Step 3: Set initial iteration g = 1;

Step 4: Set initial iteration b = 1;

Step 5: Repair the solutions to meet the constraints of demands in Eq. (7);
Step 5.1: Calculate the allocation quantities (Qij) of product j in seru i by
Qij = round(rij ∗Qj);

Step 5.2: Adjust the allocation quantity of product j in an allocated seru s

which is randomly found by Qsj = Qj −
∑I

i=1Qij +Qsj ;

Step 6: Evaluate the solutions;
Step 6.1: Calculate the total processing time of each seru i: PTi and the

makespan MS is MS = max{i···I}PTi ;

Step 6.2: If for each seru, PTi <= Ti, then fitness = max(Ti) −MS, else
fitness = −MS;

Step 6.3: Let b = b+ 1, If b > pop size, then go to step 7 , else go to step
5;

Step 7: Select the parents from the population by binary tournament selection;

Step 6: Generate the child population by arithmetical crossover operator as
Eq.( 13 - 14 );

Step 8: Mutate the chromosomes by nonuniform mutation as Eq.( 15 - 16 ),
and set some of the genes to be 0 under the probability of p zero2;

Step 9: Let g = g + 1, If g ≤ GEN , then go to Step 4, else output the best
solution of Qij and its MS.

The probability of p zero1 and p zero2 decides the degree of lot-splitting in the
seru production system.

To sum up, the overall procedure of the whole SA-GA algorithm is show in Fig.
6.
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Figure 6. The flowchart of SA-GA algorithm
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5. Numerical examples and analysis. In this section, numerical examples are
presented to verify the practicality and effectiveness of the bi-level model and SA-
GA algorithm proposed above. The parameter settings of SA-GA algorithm for
solving these two examples are presented in Table 1 based on various tests. The
algorithm is implemented by MATLAB R2015b on an Inter Core I5-7200U (basic
frequency of 2.5GHz) with 8G memory.

Table 1. The parameter setting of SA-GA algorithm

Level Algorithm Parameters

Upper SA
T max = 10000 T min = 0.1
II = 20 α = 0.9

Lower GA
pop size = 300 GEN = 500
p zero1 = 0.75 p zero2 = 0.25
p cross = 0.9 p muta = 0.1

5.1. Data collection. The example in this subsection is about a seru production
system of 15 workers, and 3 serus are to be configured for producing 8 types of
products. Besides, the maximum number of workers in a seru is 6 and the minimum
number is 4. The whole period is of 5 weekdays and each day has 8 working hours,
such that the available producing time for each seru (Ti) is 2400 minutes. They
work from 8:00 to 12:00 in the morning and from 14:00 to 18:00 in the afternoon.
Table 2 lists the parameters about products, including each worker’s producing time
for each product (twj ), the demand of each product (Qj) and the setup time before
producing each product (sj). The number of the products are based on the order
of their due dates, and the one with earlier due date has smaller number, which
makes it been arranged before the one with later due date in the allocated seru.

5.2. Results and analysis. Fig. 7 is the minimum idle time in every iteration
of SA. It can be seen from the figure that the SA begins to converge around the
100th iteration. Fig. 8 reveals the relationship between the two objectives of the
bi-level model. It is clear that there is a high linear correlation between the total
idle time and the makespan. In that case, the realization of lower level objective
to some extent has a positive effect on the upper level objective. The dots close
to the origin have deeper color, which means that the SA-GA algorithm gradually
converges to the optimal solution.

Moreover, Fig. 9 and 10 present the two optimal solutions of this problem re-
spectively, the former has minimum idle time but with slightly longer makespan,
and the latter is the opposite. Because the model is a bi-level model and the worker
assignment is decided in the first place, so the first-line manager is more likely to
choose the solution with minimum idle time in Fig. 9. The worker assignment de-
cision with minimum idle time is shown in Fig. 11, and the corresponding product
allocation decision made by product planning department is presented in Table 3.
Fig. 11 shows that 6 workers are assigned to seru 1, 5 workers are assigned to seru 2
and 4 workers are assigned to seru 3. With the minimum idle time of all the work-
ers, the working pace of the workers in each seru is relatively consistent. Besides,
according to Table 3, product 5 is allocated to seru 1 and seru 3, and product 6 is
allocated to seru 2 and seru 3. Therefore, lot-splitting is occurred to product 5 and
6 in this loading decision. Fig. 12 illustrates the loading results intuitively. It can
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Table 2. Data about products

Product
Worker’s processing time (min)

Demand
Setup

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 (min)
1 23 23 21 22 21 24 22 – 21 24 22 – 24 24 23 95 4

2 – 32 37 32 – 34 37 31 34 31 – 31 36 36 37 100 9

3 41 43 – – 44 47 42 42 – 41 47 45 44 42 – 130 8

4 29 28 29 28 26 27 26 27 27 28 26 31 31 – 28 105 6

5 17 – 17 16 19 17 – 18 16 16 20 20 18 16 17 120 5

6 42 23 20 33 38 33 27 29 – 34 33 29 30 36 19 145 6

7 – 68 48 63 43 71 49 21 66 59 53 – – 70 83 50 4

8 14 15 14 20 – 19 19 17 22 19 17 18 – 15 10 115 1

1 The ‘–’ means that the worker cannot produce the product.
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Figure 8. Idle time and makespan

be seen from the figure that seru 2 has the longest processing time of 1872 minutes
among the 3 serus, so the makespan of the whole seru production system is 1872
minutes. The processing time of seru 2 is only 43 minutes longer than seru 3 which
has the shortest processing time. In that case, the loading of the whole production
system is relatively balanced. Table 4 lists the detailed production timetable of each
product in this seru system. Hopefully, the practical production will be guided by
this table. It can be seen from Table 4 that on Friday the serus do not have any
tasks, so it is possible for the seru production system to receive more orders.
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Figure 11. The worker assignment decision

Table 3. Data about products

XXXXXXXXXXSeru
product

1 2 3 4 5 6 7 8

1 – 100 – – 80 – 50 115
2 – – 130 – – 116 – –
3 95 – – 105 40 29 – –

1 The ‘–’ means that the product is not allocated to the seru.

Table 4. Production timetable

Product 1 2 3 4 5
Seru 3 1 2 3 1

Starting time Monday 8:00 Monday 8:00 Monday 8:00 Tuesday 9:13 Tuesday10:22
Finishing time Tuesday 9:07 Tuesday 10:17 Wednesday 11:30 Wednesday 15:54 Tuesday 16:09

Product 5 6 6 7 8
Seru 3 2 3 1 1

Starting time Wednesday 15:59 Wednesday 11:36 Thursday 9:25 Tuesday 16:13 Thursday 8:05
Finishing time Thursday 9:19 Thursday 17:12 Thursday 16:29 Thursday 8:04 Thursday 17:07

Apart from the detailed result illustrated above, other results of 10 repeated runs
for this example are listed in Table 5.

5.3. Comparison with GA-GA algorithm. To better analyse the effectiveness
of the SA-GA algorithm, a GA-GA algorithm which solve upper and lower level
model all by genetic algorithm is designed and the results of the two algorithms are
compared.
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Table 5. Results of the small case

No. Idle time (min) Makespan (min) CPU time (s)
1 2381.7 1910 8242.5
2 2629.4 1907.8 8193.5
3 2438.6 1932.3 8222.2
4 2446 1936 8228
5 2723.1 1933 8228.6
6 2022.3 1893 8064.8
7 2461.2 1895 8095.2
8 2300 1906.3 8098.5
9 2819 1859.5 8051.9
10 2566.8 1874.1 8135

Average 2478.81 1904.7 8156.02
SD 214.16 24.07 70.94

The numerical example used to test the GA-GA algorithm is the same case
above, and the parameter of GEN is set to 110 which is the same as the iteration
number of SA in this example and the parameter of pop size is set to be 20 which
equals to the number of neighbors in SA for each iteration. After ten runs for GA-
GA algorithm, we can get that the average and SD CPU time are 8353.08 (s) and
278.59 (s), where both of them are larger than SA-GA’s result. Hence, it can be
concluded that SA-GA algorithm has faster calculation than GA-GA. The results
of ten runs by GA-GA algorithm are listed in Table 6.

5.4. Test on the large case. To show the superiority of SA-GA algorithm, a large
case which contains 20 products, 10 serus and 50 workers are tested. In this large
case, the workers’ processing time for each product is listed in Table. 7, and the
setup time and demand of each product is shown in Table. 8. The other data is the
same as the small case above.

The parameter settings of large case are the same as those of small case in Table
1, which is also based on various tests. The results of five runs are shown in Table
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Table 6. Results of GA-GA algorithm for small case

No. Idle time (min) Makespan (min) CPU time (s)
1 2519.5 1913.8 8220.8
2 nonconvergent
3 2384.4 1851.8 8278.8
4 2375.6 1898.3 8230.3
5 nonconvergent
6 2409.5 1829 8284.8
7 2882 1894.2 9085.2
8 2213.2 1941.3 8244.5
9 2526 1941 8190.9
10 2526.9 1918 8289.3

Average 2479.64 1898.43 8353.08
SD 181.55 37.55 278.59

8, which verified the designed SA-GA algorithm are also adapt to the large case.
In addition, the average CPU time only takes 7859.98s more than the small case
above, so the scalability of the SA-GA algorithm in this paper are also proved.

6. Conclusions and further research. This paper studies a seru loading prob-
lem with worker assignment. The worker assignment is decided before the product
allocation. Considering the hierarchy of decision-making, a bi-level model is pro-
posed for this problem. In the upper level model, a best worker assignment should
be decided to minimize the total idle time, while the aim of the lower model is to
find best product allocation to minimize the total makespan under the certain work-
er assignment decided by upper level model. Then, a SA-GA algorithm is designed
for solving this model. The SA is for upper level model and GA is for lower level
model. The model and SA-GA algorithm are tested by a small case and a large
case, and the results show that the SA-GA algorithm has good scalability. Finally,
comparison with GA-GA algorithm is also presented to prove the superiority of
SA-GA algorithm.

Future research should concentrate on developing more efficient and scalable
algorithms. Although SA and GA are all effective meta-heuristic methods for com-
binatorial optimization problem, the GA will be called repeatedly while solving
upper level programming by SA, which contributes to an increase in computation
time. Hence, it is of great significance to introduce other mathematical methods
for solving this MIP and bi-level problem. The mathematical feature of the bi-level
model should be carefully examined for developing the algorithm. Besides, consid-
ering the complexity of decision-making in practical production and the conflicts
of different decision goals, the multi-objective model should also be introduced to
seru loading problem, as well as the multilevel programming. What’s more, studies
on seru loading problems in other seru types like divisional serus and yatais should
also be carried out. Lastly, software development for real application scenario is
supposed to be taken into account based on this research.
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Table 7. Workers’ processing time for each product

Worker
Workers’ processing time for each product (min)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
1 22 39 47 29 – 34 64 23 50 71 20 21 11 32 39 15 20 27 29 24
2 23 37 47 29 20 35 54 21 55 77 24 20 12 30 38 19 21 21 26 20
3 22 38 46 – 22 35 50 26 56 77 24 15 11 34 43 – 17 23 29 21
4 – 37 46 32 – 35 56 – 50 78 22 19 12 34 42 17 21 21 25 23
5 23 40 47 27 – 34 59 20 50 81 – 17 10 34 42 15 17 22 28 –
6 22 38 47 29 23 33 61 25 – – 21 20 10 32 39 18 17 27 28 21
7 21 37 – 28 19 32 59 – 52 73 23 21 11 30 35 16 22 22 25 19
8 23 38 49 27 18 – – 22 48 78 21 20 10 31 44 18 – 23 26 22
9 21 40 50 – 21 33 56 26 53 87 – 18 10 32 40 17 22 21 27 20
10 24 – 49 28 19 38 58 26 52 – 24 18 10 37 41 – 17 25 26 23
11 22 38 47 30 18 33 61 27 53 77 21 19 – 33 41 – 19 21 29 23
12 23 36 49 29 21 34 57 22 53 86 21 20 10 33 36 17 21 21 27 24
13 23 39 47 29 22 – 65 21 53 86 22 19 12 30 38 15 19 22 27 21
14 23 39 – 31 18 30 50 29 57 85 24 – 10 37 36 19 21 27 27 21
15 21 36 49 30 – 36 59 24 50 81 24 17 11 37 35 18 19 26 26 22
16 25 36 49 31 19 37 58 22 54 82 24 19 12 39 39 17 18 23 29 22
17 – 37 45 30 22 38 60 23 55 – 21 18 – 37 44 – 21 22 27 –
18 23 37 49 31 21 37 61 – 48 – 21 21 12 34 – 17 17 – 26 20
19 21 35 48 – 19 37 61 28 48 69 20 19 10 33 36 18 22 25 25 20
20 21 38 – 30 23 32 55 29 53 72 22 16 10 – 35 16 17 21 29 23
21 21 36 50 30 22 35 64 29 53 86 22 17 11 39 – 17 18 24 26 23
22 22 38 50 29 – 33 61 22 48 69 23 17 11 40 – 15 – 22 28 21
23 25 39 47 29 19 37 59 26 – – 24 16 12 39 – 17 22 25 25 23
24 20 37 49 29 22 30 62 22 47 71 21 18 12 40 42 19 21 27 25 21
25 23 39 47 30 21 38 63 – 55 – 23 15 11 31 38 19 22 27 27 24
26 – 37 – 32 23 32 58 28 50 72 24 16 11 32 44 17 19 22 25 –
27 24 37 49 30 22 – 56 30 51 78 24 19 11 34 40 – 19 – 29 21
28 24 39 47 – 18 37 – 24 47 85 23 16 10 39 35 17 22 20 26 20
29 25 – 47 29 19 36 54 20 49 79 24 16 11 35 41 18 – 23 25 –
30 20 37 47 28 22 40 51 22 51 78 – 21 11 37 39 16 18 – 25 –
31 23 38 48 29 19 35 53 20 56 72 22 16 11 – 37 16 20 25 25 20
32 23 36 45 29 – 37 63 29 50 79 20 16 11 37 – 18 21 27 29 25
33 23 38 47 30 23 40 59 26 56 78 23 18 11 41 40 – 21 22 – 23
34 21 35 50 27 23 38 65 22 47 71 24 16 10 38 36 16 20 27 27 24
35 20 35 48 32 21 33 61 25 – – 21 21 10 38 – 19 18 24 29 19
36 – 38 45 30 19 31 63 24 56 85 23 – 10 41 37 19 19 24 26 21
37 24 36 – 30 22 38 55 24 50 87 23 19 12 – 39 17 20 26 – 25
38 24 39 49 32 21 37 52 – – 71 24 19 12 35 38 15 19 23 25 22
39 21 39 49 31 19 35 57 29 55 77 21 19 11 40 43 15 19 – 28 19
40 25 35 47 30 20 34 59 25 48 72 23 – 10 41 35 18 20 20 26 18
41 22 36 48 32 20 – 55 25 49 71 23 19 12 31 43 17 19 22 26 24
42 23 39 47 27 19 39 64 24 53 74 24 21 12 32 – 19 18 – 29 22
43 23 36 46 32 20 35 – 21 55 80 21 16 12 32 40 18 20 23 26 22
44 – – 45 31 22 37 52 – 57 72 22 16 11 37 – 18 22 20 27 24
45 20 40 47 29 21 32 52 29 55 82 21 15 10 33 – 16 20 27 – 19
46 20 40 – 30 20 38 58 23 50 82 23 20 11 31 38 19 – – 25 19
47 23 39 49 – 21 39 61 25 – 78 24 19 11 38 39 17 22 27 27 25
48 22 38 49 28 18 33 – 25 49 74 23 18 12 30 43 16 20 21 29 –
49 20 39 47 29 21 – 60 22 52 81 23 21 12 30 40 16 20 24 25 19
50 22 – 47 28 20 32 64 27 49 77 – 18 10 33 37 17 20 20 25 24

1 The ‘–’ means that the worker cannot produce the product.
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