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Abstract: The paper highlights the problem of minimizing economic costs of making orders in
the automated manufacturing system which consists of work centres arranged in a series. Each
of them is equipped with tools which carry out defined manufacturing operations. Tools are
replaced with new ones only when no manufacturing operation can be performed any more in
order to minimize the residual pass. The equations of state of the production line are presented
and heuristic control strategies are discussed in detail. The criterion is to minimize the number
of replacement procedures which results in maximizing the use of tools in work centres. To
prove the correctness of the presented approach the paper is supported with an extended
simulation study based on implementing available combinations of either manufacturing or
replacement strategies taking into account various configurations which come into being in the
real manufacturing environment. The simulation results form the basis for the detailed analysis
to meet the requirements of the applicable decision-making procedures.

Keywords: manufacturing system, optimization, heuristic algorithms, manufacturing strategy,
computer simulation.
Categories: F.1.1,F.2.1,G.1.6,1.1.2

1 Introduction

The right decision-making approach is unavoidable in each complex manufacturing
system. Manufacturing companies are currently facing very strong pressure in terms
of cost, quality, flexibility, customisation and a product delivery time to the defined
market. Production systems of these companies have to be flexible and able to react to
changing production capacity requirements [Modrak and Pandian, 12]. There is an
increasing emphasis put on improving production efficiency. One of the ways to
achieve efficiency is through the use of automated manufacturing. Automated
manufacturing is a production method that relies on the use of computerized control
systems to run equipment in manufacturing environment. Human operators are not
needed to control the assembly line or manufacturing floor because the system is able
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to handle both the mechanical work and the scheduling of manufacturing tasks [Kim
and Lee, 2013], [Montoya-Torres and Bello, 2011], [Morris, 1994], [Surman and
Morales, 2002].

The paper focuses on an automated manufacturing system represented by
manufacturing lines which consist of work centres arranged in a series. The number
of work centres can vary depending on order specification. Simple orders may need
a few operations only however, more complex ones may require a big number of
operations which results in the need to create an adequate system consisting of
numerous work centres which is emphasized later in the paper. Each work centre is
understood as an automated centre with the so-called robotic head equipped with tool
seats. These systems are usually referred to as automated manufacturing robotic
systems. A robotic system is an integrated system of devices that automate production
and manufacturing of goods and services [Bajd et al., 2010]. Generally, the field of
robotics may be more practically defined as the study, design and use of robot
systems supporting achieving manufacturing goals.

As in other similar systems, management and optimization of these types of
manufacturing systems plays a key role. The most important thing is to ensure the
continuity of the manufacturing process e.g. in case of bringing a certain work centre
to a technological standstill. The standstill may be caused by technological
breakdown as well as a need to replace one or more elements of the robotic head. This
leads to introducing methods based on the principle of minimizing either the total tool
replacement time or manufacturing time. Moreover, it may prove advisable to
alternate the route through which semi-products are passed in order to avoid the need
to stop the manufacturing process or, in the worst case to minimize the interval of the
system standstill. In other words, this case requires searching for the best ways of
optimizing manufacturing systems. It seems that one of the ways allowing us to meet
this goal is the need to implement the modelling and simulation methods [Banks et
al., 05]. They enable us to solve the whole range of problems already mentioned and
those ones which can come into being throughout the manufacturing process. By
means of simulation it is possible to test and analyze routing the manufacturing
process and its quantity and quality coefficients. Additionally, it is also possible to
define different replacement strategies for products, charge material, labour force, etc.
and the so-called replacement strategies for farm machinery [Edwards, 2008], [Li et
al., 2009], on the basis of which we can define new topological architecture of
manufacturing systems.

2  State of the Art

Modelling uses a wide range of methods and approaches. The basic assumption
requires creating adequate models with the use for example process oriented approach
[Sperka et al., 2013], value oriented approach [Shapiro, 2006], [Vymétal, 2009],
multi-agent approach [Wooldridge, 2009], [Karageorgos et al., 2003], neural
networks [Panella et al., 2013], discrete or continuous Petri-nets approach [Macias
and De La Parte, 2004], fuzzy-multi objective approach [Dotoli et al., 2005] or
heuristic algorithms which are responsible for meeting the set criterion [Bucki and
Suchanek, 2012], business intelligence tools [Suchanek, 2011], genetic algorithms
[Ventura and Yoon, 2013], [He and Hu, 2014], [Wang et al., 2013], and other
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mathematical and special approaches [Banik et al., 2012]. In many cases it is
advisable and very effective to use a combination of different methods and
approaches. The reason is quite simple. The general logistic system is usually too
complex to be modelled mathematically, or the models are overly computation
intensive to be applied in a real-time environment.

Optimization techniques have developed into a significant area concerning
industrial, economic, business, and financial systems. With the increasing reliance on
modelling optimization problems in practical applications, a number of theoretical
and algorithmic contributions of optimization have been proposed. The approaches
developed for treating optimization problems can be classified into deterministic and
heuristic. Recent advances in deterministic methods for solving signomial
programming problems and mixed-integer nonlinear programming problems are
introduced in [Lin et al., 2012]. A number of important applications in engineering
and management are also reviewed to reveal the usefulness of the optimization
methods.

Modern optimization has played an important role in service-centred operations
and manufacturing and as such has attracted more attention to this field [Vasant,
2012]. Multilevel production scheduling problem is a typical optimization problem in
a manufacturing system which is traditionally modelled as several hierarchical
sublevel problems and optimized at each level [Shi et al., 2010].

The modern methods of optimization include the use of heuristic algorithms
[Michalewicz and Fogel, 2004]. Designed algorithms are tailored to accomplish
a specialized task or goal and usually find a solution quickly and easily. Developing
solutions with heuristic tools offers two major advantages: shortened development
time and more robust systems [Lee and FEl-Sharkawi, 07]. Although heuristic
algorithms were originally known as inaccurate, current approaches to the
mathematical modelling and development of computer simulation completely changes
scientific mind on these algorithms. Heuristic algorithms are thus increasingly used to
optimize a range of sectors such as logistics [Niu and Tian, 2013], [Yun et al., 2013],
[Zharfi and Mirzazadeh, 2012], finance [Lyra, 2010], [Mansini and Speranza, 1999],
manufacturing [Quan-Ke et al., 2010], [Georgilakis et al., 2007], [Bensmaine et al.,
2014] and in a big number of other professional and scientific works, for example [Xu
et al., 2010], [Losada et al., 2013], [Rodriguez et al., 2009] and others.

As we can see from the preceding paragraphs, although there are various methods
of optimization, even today in many cases heuristic approach is very conveniently
applicable. [Vanderkam, 2007] emphasizes that heuristic algorithms are demonstrated
to yield suboptimal networks in order to meet conservation goals. Although the
degree of suboptimality is not known when using heuristics, some researchers have
suggested that it is not significant in most cases and that heuristics are preferred since
they are more flexible and can yield a solution more quickly.

Heuristic approach is widely implemented to control a manufacturing system
especially to solve specific problems within the area of production planning and
detailed scheduling i.e. repetitive manufacturing [Horn et al., 2006], [Shimizu et al.,
2008], [Bankstona and Harnett, 2000], [Modrak et al., 2013]. The use of heuristic
algorithms successfully meets e.g. the total time minimizing criterion. Moreover, the
higher the system complexity is, the more effective they prove to be in terms of
quickness of finding the required solution. Their correctness is proven by the simplex
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method which is a numerical method for solving problems in linear programming
[Bucki and Marecki, 2006]. Hybrid search algorithms are used for scheduling flexible
manufacturing systems. These algorithms combine heuristic best-first strategy with
controlled backtracking strategy as discussed in [Xiong et al., 1996].

An alternative solution to cell scheduling by implementing the technique of
Nagare cell is discussed by Muthukumaran and Muthu in [Muthukumaran and Muthu,
2012].

A simulation-based three-stage optimization framework for high-quality robust
solutions to the integrated scheduling problem is presented in [Zhang, 2013]. It is
considered to be a parallel machine scheduling problem with random processing/setup
times and adjustable production rates. The problem of determining realistic and easy-
to-schedule lot sizes in a multiproduct, multistage manufacturing environment is
discussed by Ekinci and Ornek [Ekinci, 2007]. The developed model consists of two
parts: the lot sizing problem and the scheduling problem.

There is a wide branch of manufacturing systems where manufacturing decisions
are to be made immediately e.g. either regular parts or spare parts are manufactured in
various series in the automotive industry. There are many specific details which make
these systems complex. Decisions are more than often made after thorough simulation
of the system in order to avoid disturbances in discrete manufacturing operations.
This can be treated as searching for a satisfactory solution. Heuristics are particularly
suitable for planning non-configurable products that are to be produced on simply
structured lines (such as filling lines). With these heuristics it is possible to plan
several resources (in repetitive manufacturing) or lines (in resources of type line)
simultaneously. In this way manufacturing is possible on alternative resources (lines).
Moreover, it is also possible to load products as necessary within finite planning.

3 Description of the Manufacturing System and General
Assumptions

Let us assume that the discussed manufacturing system consists of serially arranged J
work centers in which there are certain tool seats. The j-th work centre, j = ,...,J is
equipped with 7 tool seats. Tools are placed in dedicated tool seats. Each tool seat is
able to carry out a predefined manufacturing operation. The block scheme of the
assumed manufacturing system is presented in Fig. 1.

Tool Seat Tool Seat Tool Seat Tool Seat Tool Seat Tool Seat
No.1 No.2 No.1 No.2 No.1 No.2
Tool Seat Tool Seat Tool Seat Tool Seat Tool Seat | Tool Seat
No.3 No.i No.3 No.i No.3 No.i

Tool Seat | [ Tool Seat Tool Seat .. | ToolSeat

Tool Seat Tool Seat |
No.i+1 No.l No.i+1 No.| No.i+1 No.|

Work Centre No.1 Work Centre No.j Work Centre No.J

Figure 1: The block scheme of the assumed manufacturing system
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It is assumed that operations are carried out subsequently in each j-th work center.
Each tool seat can carry out only one operation at one time. Operations carried out by
one tool in each work center are synchronized and their performance time is the same
in all work centers. Moreover, it is assumed that the manufacturing process is treated
as the continuous one (if there is a need to replace atool in one work center, the
whole system is brought to a standstill). A final product represents an order unit on
which all pre-defined operations have already been carried out.

It is taken into account that M customers place N orders with a certain
manufacturer and require them in time. It is necessary to make K decisions to
manufacture all elements of the order.

Let us create a matrix of orders in the form (1):

20 =[] . m=1,...M; n=1,...N (1)

where Z?n,n is the number of units of the n-th product ordered by the m-th customer.
Orders are to be made from the universal charge which means that any order can be
made from any kind of charge. It is assumed that the manufacturing process is
continuous which results from the fact that there are no buffer stores between work
centers. The structure of the system is presented in the matrix form (2):

E=le,], i=tnd; j=1.J )

where e;; = 1 if the tool in the i-th work seat of the j-th work center is in use,
otherwise e;; = 0 (it means that it does not exist or is excluded from the production
process).

It is further assumed that each tool seat is equipped with one dedicated tool which
can be used only once. After it is totally worn out, it must be replaced with a new one.
It is assumed that no regeneration procedures are required in the discussed logistic
system. Moreover, it is taken for granted that there is a full supply of tools for
replacement. The life of tools is defined in the life matrix (3):

G=lg.,], i=td; j=1d 3)

where g;; is the life of the tool in the i-th work seat of the j-th work centre given in
conventional units (if the tool does not exist or is excluded from the production
process, then g;; = -1). Each n-th product ordered by the m-th customer is
manufactured along its route defined in the vector of routes according to the form (4):

D, =ld,,,] m=1.Min=1.,N, j=1,.J 4)

where d,,,; specifies the number of a tool seat in the j-th work centre used for
manufacturing the n-th product for the m-th customer. Let us establish the
manufacturing rate matrix in the form (5):

V=] m=l..M:n=1,..N )

m,n

where v, is the number of units of the n-th product manufactured for the m-th

customer within the time unit.



508 Bucki R., Chramcov B., Suchanek P.: Heuristic Algorithms ...

In the course of production tools get worn out. A worn out tool in the work seat
can be replaced only if there is no other available route to carry out any
manufacturing operation. The vector of replacement time is defined in the form (6):

Trenl _ [z_r_epl] (6)

J

repl

where the variable 7/ is the replacement time of all tools in the j-th work centre.

4 The State of the Manufacturing System

The state of the manufacturing system changes after every k-th decision to either
make the next order or replace all worn out tools in a work centre. Let us introduce
the matrix of state of the manufacturing system in the form (7):

St=fsb ] istend s j= e k=10K )

i,J

where sf ; is the state of the i-th tool in the j-th work centre (the number of units

already manufactured in the j-th work centre with the use of the i-th tool). The state of
the system represents the number of units already manufactured in the specific work
centre with the use of a dedicated tool. To enable the manufacturing process the state

must meet the condition s,.’f ;<g,;» otherwise the j-th work centre is subject to

replacing its tools.
The initial state S° is given. The general equation of state of the manufacturing
system takes the general form (8):

s* = f(s x4, c) ®)

where c¢ is the number of a work centre assigned to replacement of all its tools, and
x* is the number of units of the n-th product ordered by the m-th customer

manufactured in the k-th stage.
Let us introduce the flow capacity matrix of tools in the form (9):

PT* =[ptl,], i=tods j=lod s k=1,K )

where pt,.’fj is the flow capacity of the i-th tool in the j-th work centre. This variable

specifies the number of units which still can be manufactured in the j-th work centre
with the use of the i-th tool. It can be calculated according the formula (10):

ptilij:gi,j_silij (10)
Let us introduce the flow capacity matrix of routes in the form (11):

PRY, =[prt, ]  m=1, M sn=1,,N: k=1,..K (11)

where pr,:,“n is the flow capacity of the route responsible for manufacturing the n-th

product for the m-th customer. This variable specifies the number of units of the n-th
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product ordered by the m-th customer which still can be manufactured in the
discussed system. It can be expressed in the form (12):

pro, = min(ptj;w =12, (12)

To allow the manufacturing process, the route flow capacity for at least one order
must fulfill the condition pr

.. >0 and let us manufacture at least one unit of any
order of the matrix element.

It is assumed that we can manufacture only the number of units of the n-th
product ordered by the m-th customer which can be manufactured by the tool

characterized by the minimal flow capacity, so it is necessary to calculate the number
of units of the order z* which can be manufactured before the most worn out tool in

its route cannot be used any more. It is possible to determine the number of units of
the n-th product ordered by the m-th customer in the &-th stage according the form
(13):

8 =min(prt 25 ) m=1,M n=1,.,N , k=1,..,K (13)

The state of the i-th tool in the j-th work centre changes in case of the n-th
product ordered by the m-th customer which is manufactured by the i-th tool
in the j-th work centre throughout the k-th stage according to the form (14) otherwise

ko k-l . ko _k
S =S, +m1n(prm’n,zm’") (14)

The state of the manufacturing system changes in case of replacement according
to the form (15) if all tools in the j-th work centre are replaced at the k-th stage,
otherwise s, =s/".

sl.’fj =0 (15)

As it can be seen above, the replacement of tools in the work centre brings about
the opportunity for resuming further production.

The state of any element of the order matrix changes according to the form (16) if
the specified number of units of the n-th product ordered by the m-th customer is

made throughout the k-th stage, otherwise zfm = z’;'rll .

zh =it (16)

The matrixes of life, state and flow capacity are given for all orders as it is
assumed that no matter which one is manufactured, the production output is given in

the same conventional units. The only difference which remains is the rate of the
production process.
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5 Heuristic Algorithms for Control of the Manufacturing System

The problem of scheduling versions of assembled objects is computationally difficult,
i.e. it belongs to the NP class in terms of its computational complexity. It is possible
to use various sophisticated methods of optimization of production systems to solve
the problem formulated in such a way. However, sophisticated optimization
techniques are implemented to solve problems -characterized by polynomial
computational complexity. Moreover, sophisticated optimization techniques consume
a lot of hardware resources such as a CPU time consumption and its memory. On the
other side, there exist problems characterized by at least exponential complexity that
are difficult to solve. A nondeterministic polynomial (NP) type problem requires
vastly more time to solve than it takes to describe the problem. Choosing the right
method may ultimately determine the effectiveness of manufacturing processes.
A heuristic approach was used due to the need for shortening the calculation time and
search for an efficient real-time solution. The control of the discussed manufacturing
system consists of implementing heuristic algorithms which choose an order for
manufacturing and heuristic algorithms for replacement strategy.

5.1 Manufacturing strategies

The number of production heuristic algorithms proposed for manufacturing orders is
optional, however, for illustration reasons, only a few, which have proved to be the
most effective ones up till now, are put forward [Chramcov and Bucki, 2013],
[Chramcov et al., 2013].

5.1.1  Strategy ¢; - Maximal pass of routes

This algorithm assumes that in the phase between two successive stoppages of the
production system most of the orders must be manufactured so there is a need to
choose the route with the highest flow capacity pr,,, which allows manufacturing the

biggest number of units of the order z,, . This strategy can be expressed in the form
17):

prt, =max(prt, ), 1<a<M , 1<b<N (17)

5.1.2  Strategy c¢,- Relative pass of routes

This algorithm assumes that in the phase between two successive stoppages of the
production system the routes with the maximal relative flow capacity must be
subsequently eliminated so there is a need to choose the route with the maximal
relative flow capacity which allows manufacturing the order z,, , . This strategy can be

expressed in the form (18):

k

prm,n

},ISaSM,ISbSN (18)
gm,n

prak’b = max[
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5.1.3  Strategy ¢; - Biggest order algorithm

This algorithm chooses the biggest order z' —at the moment of making

a manufacturing decision in order to balance the current state of ordered elements. It
is possible to express it according to the form (19):

2t =max(zt,), 1<a<M,1<b<N (19)

5.1.4  Strategy g,- Relative order algorithm

k

m,n

This algorithm chooses the least worked out order z, = at the moment of making

a manufacturing decision in order to balance the state of orders proportionately. It is
possible to express this strategy according to the form (20):

k
zf’b:ma{z'g’"},ISaSM,leSN (20)
z

m,n

5.2  Replacement strategies

The number of replacement strategies is optional, however, for illustration reasons,
four, which have proved to be the most effective ones up till now, are put forward
[Chramcov and Bucki, 2013], [Chramcov et al., 2013]. It must be emphasized that
any replacement strategy is implemented only when two or more work centers have
completely worn out tools which makes the further manufacturing process impossible.
If used worn out tools are detected only in one work centre, it becomes subject to
replacement of all its tools. After replacing tools in a certain work centre, the
manufacturing process is resumed till the manufacturing system is brought to
a standstill again. Nevertheless, a work centre is subject to replacement of its tools
when it is characterized by at least one completely worn out tool.

5.2.1 Strategy {; — Replacement of tools in the work centre with the lowest
flow capacity

This strategy is based on choosing all tools for replacement in the work center which
is characterized by the lowest flow capacity of tools (see the formula (21)):

1 1
;/V:Zp[k’v:min(pr/}, 1<v<J 21
i=1 i=1

5.2.2  Strategy {, - Replacement of tools in the work centers characterized by
the defined coefficient of the work centre wear

This strategy is based on choosing all tools for replacement in centers characterized
by a defined summary wear 4 (see the formula (22)):
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—>A,1<j<J (22)

It means that if the condition in the form (22) is valid for the specific work centre,
then replacement of all tools in this work centre is carried out.

5.2.3  Strategy ;- Replacement of tools in the most worn out work centre

This strategy is based on choosing for replacement all tools in the most worn out work
center. It is possible to define this strategy according to the formula (23):

I I
DI :max(ZSfjj, 1<v<J (23)

i=1

5.2.4  Strategy {, - The biggest ready product amount till the subsequent
standstill of the system

This strategy is based on choosing all tools for replacement in the work center which
lets us manufacture the most units of the order matrix elements after the replacement
process is carried out till the subsequent stoppage of the system.

6 Manufacturing criteria

Determined manufacturing criteria can be used to evaluate implemented control

algorithms. In the discussed case, minimizing the total order making time, minimizing

the system wear coefficient, maximizing the system usage factor, maximizing the

system flexibility coefficient, minimizing the total tool replacement time or

minimizing the number of manufacturing and replacement decisions are considered.
The total time of making orders is calculated from the equation (24):

T.=T,+T, (24)

where T is the effective manufacturing time and 75 is the replacement time.
It is possible to express the effective manufacturing time according to the formula
(25):

ﬁ: Zmn 25)

1n=1 Y,

T, =

M

It cannot be alternated within the course of production so the searching for the
sequence of replacement procedures which minimize the total manufacturing time
remains the core issue of the presented modelling problem. It is assumed that the total
manufacturing time can be minimized only by finding such a sequence of

manufacturing decisions which leads to minimizing the replacement time of tools.
The effective manufacturing time (the operation time) of a tool placed in adequate
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seats cannot be either accelerated or slowed. Additionally, it is assumed that tools are
replaced with new ones only and no regeneration procedures are required in the
discussed system. The replacement time is defined in the form (26):

K J
r=3S o
k=0 j=1
where 7, represents the replacement time of tools of the j-th work centre. If the

replacement procedure is carried out, then y*=1, otherwise y* equals zero.
On the basis of the above assumptions it is possible to introduce the system usage
factor in the form (27):

T,

g=-=t

@7

Let us introduce the system wear coefficient in the form (28):

M-

N
gt — = i[l (28)
> > 81,

1 i=l

I

Mw

.
]

This variable represents the summary wear of tools in all work centers at the &-th

stage. If 6 =0, it means that all tools are completely new. Consequently, on this
basis the flexibility coefficient can be calculated according to the formula (29):

9-0 29)

It is possible to implement these criteria individually or they can be used to create
a multi-criterion model. In fact, in the case of only one manufacturing system, it
means minimizing the values of these criteria. However, after using more than one
parallel manufacturing plant, there is a need to minimize the values of these criteria in
each additional plant.

7 Simulation study

In order to prove the correctness of the assumptions presented in the paper the
simulation process is carried out for various configurations which can come into
being in the real manufacturing environment. For the simulation purposes a dedicated
simulation tool was implemented [Gruszka, 2003].

The aim of this simulation study is to find the most suitable manufacturing and
replacement strategy for the discussed manufacturing system. For this reason it was
decided to create 12 various sets of edge values taking into account the following:

e the number of work centers,

e the maximal number of tool seats in the work center,

¢ the maximal and minimal values of life of tools (expressed in general time units),
e the maximal replacement time of a tool (expressed in general time units),
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e the maximal production rate (number of units manufactured in the time unit),
e the maximal number of order units.

The data for drawing procedures are presented in Table 1. The simulation study
assumes manufacturing systems with different structures. It is assumed that the
system is equipped with 3, 5, 7 or 9 work centers. Each work center is equipped with
3, 4 or 5 different tools maximally. The simulation experiments are carried out for big
orders (set 1 - 6) or small orders (set 7 —12). All orders are manufactured in each work
center. Work centers are arranged in a series. Simulation experiments are carried out
for different numbers of orders.

Number _T}_w T}_w The maximal ~ The maximal value T}_w
Number of minimal maximal value of the of the maximal
of tool C
Set no. work seats value (_)fa value (_)fa re_placer_nent manufacturing rate number _of
centers [-] ] tool life tool life time [time [number of units order units
[time unit] [time unit] unit] per time unit] [-]
1 3 5 100 500 10 10 5000
2 7 5 100 500 10 10 5000
3 5 3 100 500 10 10 5000
4 7 3 100 500 10 10 5000
5 5 5 100 500 10 10 5000
6 9 4 100 500 10 10 5000
7 5 3 20 80 8 5 500
8 7 5 20 80 8 5 500
9 3 5 20 80 8 5 500
10 7 3 20 80 8 5 500
11 5 5 20 80 8 5 500
12 9 4 20 80 8 5 500

Table 1: Sets of assumed data for simulation experiments

Ten replications were carried out for each defined set of data. The given set is
characterized by the number of work centers. Other parameters of the manufacturing
system are generated at random for the given drawing intervals. The matrix of orders,
the structure matrix, the life matrix of tools, the route vectors, the manufacturing rate
matrix and the vector of time replacement are generated randomly. The simulation
experiments are evaluated for all combination of manufacturing and replacement
strategies. The value of replacement time is namely monitored. The analysis of results
is outlined in Tables 2-6.

8 Results of simulation experiments

This section reports results of the performed simulation experiments. Firstly, the
relative deviation of the replacement time for the specific combination of
manufacturing and replacement strategies from the best result (the best combination
of strategies) is tracked for each replication of the given set of data. The average
values of this deviation are presented in Table 2. The best and the worst results for
each set of data are highlighted.
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Combinat?on The set number of the simulation process data Average

of strategies | 2 3 4 5 6 7 8 9 o | | o
11 6.89% | 3.78% | 1.97% | 5.31% | 5.58% | 4.12% | 4.31% | 3.45% | 4.37% [ 6.39% | 7.70% | 4.10% 4.83%
[ST4) 6.66% | 3.81% | 1.79% | 5.25% | 5.74% | 4.09% | 4.25% | 3.66% | 4.48% | 6.29% | 8.36% | 3.39% 4.81%
G1és 6.97% | 6.12% | 4.45% | 4.29% | 5.26% | 3.55% | 3.73% | 5.66% | 5.78% | 6.34% | 6.61% | 4.50% 5.27%
ST 1.91% | 1.97% | 1.59% [0:57% | 1.20% | 0.96% | 1.44% | 1.20% [2.20% | 1.76% | 1.79% | 1.51% 1.51%
5141 4.70% | 3.94% | 2.06% | 5.33% | 5.53% | 4.32% | 4.15% | 3.69% | 3.18% | 5.35% | 6.88% | 4.14% 4.44%
[SX<) 4.64% [ 3.91% | 1.92% | 5.27% | 5.62% | 4.29% | 4.09% | 3.99% | 3.29% | 4.97% | 6.01% | 3.61% 4.30%
[5Y4) 5.48% | 5.48% | 4.03% | 4.26% | 5.38% | 3.28% | 3.24% [ 5.69% | 3.77% | 5.96% | 5.62% | 4.89% 4.76%
X 1.49% | 1.75% | 0.89% | 0.60% | 0.96% | 0.91% | 1.43% | 1.52% | 2.32% | 1.49% | 1.27% | 0.98% 1.30%
ad 3.33% | 2.66% | 1.64% | 3.72% | 5.78% | 4.53% | 4.64% | 3.83% | 3.15% | 5.33% | 5.20% | 4.21% 4.00%
a6 3.29% | 2.58% | 1.25% | 3.72% | 5.28% | 4.43% | 4.06% | 3.85% | 3.15% | 5.51% | 4.90% | 3.90% 3.83%
ISy S 3.26% | 4.98% | 3.18% | 3.14% | 4.75% | 2.88% | 2.39% | 5.15% | 3.16% | 5.45% | 4.88% | 4.03% 3.94%
[SY 9 0.66% | 2.06% |0.:61% | 1.07% | 0.75% | 1.46% | 0.85% | 1.50% | 2.25% | 1.64% | 1.05% | 1.03% 1.24%
(XS] 2.83% | 2.19% | 1.84% [ 3.79% | 5.85% | 4.42% | 4.54% | 4.04% | 3.05% | 5.26% | 5.25% | 4.33% 3.95%
(Y 2.95% | 2.17% | 1.47% | 3.73% | 5.85% | 4.31% | 4.04% | 3.85% | 3.05% | 5.17% | 5.42% | 3.81% 3.82%
(Y 3.01% | 4.81% | 3.97% | 4.02% | 4.58% | 2.73% | 2.16% | 5.09% | 3.97% | 6.23% | 4.46% | 4.08% 4.09%
il 0.85% | 2.17% | 1.02% | 1.14% [ 0.55% | 1.59% | 1.64% [1.10% | 3.05% | 1.52% [0.92% [ 0.86% 1.37%

Table 2: The values of the average relative deviation of the replacement
time from the best result for each set of data

The presented results show that the best combination from the point of the
minimal average value of the monitored deviation (see the last column of Table 2) is
the combination of the manufacturing strategy no. 3 and the replacement strategy no.
4. In addition, a more detailed analysis shows a very good result of any manufacturing
strategy and the replacement strategy no. 4. On the other hand, the worst results are
achieved by means of implementing the manufacturing strategy no. 1 and the
replacement strategy no. 3.

Another important aspect of analysis should be the numbers of replications in
each data set where the value of the replacement time differs from the best result by
less than 2% or more than 7%.

Tables 3 and 4 present this analysis. It is visible that implementing the
combination of the manufacturing strategy no. 3 and the replacement strategy no. 4 is
best to control the discussed manufacturing system.

The value of the replacement time differs from the best result in 76.67% cases
less than 2% and never does this value differ from the best result by more than 7%.
More similar results are also achieved in case of the combination of the
manufacturing strategy and the replacement strategy no. 4.

However, there are only 50% cases with the deviation lower than 2% and more
than 20% cases with the deviation higher than 7%.
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Combinat 1 on The set number of the simulation process data sum |Eftectivencss

of strategies | 1 2 3 4 5 6 7 8 9 10 11 12
i 4 2 7 3 3 5 4 41 34.17%
ab 4 2 7 3 2 4 3 5 41 34.17%
ab 2 4 3 3 2 2 32 26.67%
al 6 6 8 8 7 5 6 6 7 86 71.67%
o 5 7 5 2 4 3 5 3 4 44 36.67%
@b 5 7 5 2 4 4 4 4 4 44 36.67%
[SY9) 2 6 5 2
N 6 9 8 7 7 7 91 75.83%
& & 6 4 7 6 2 4 4 2 5 4 3 3 50 41.67%
&b 6 4 8 6 3 4 5 2 5 4 3 4 54 45.00%
& 6 4 7 2 4 6 3 5 2 ‘ 2 47 39.17%
S9! -I 7 9 8 6
i 7 4 7 6 3 4 4 *‘ 3 3 3 3 48 40.00%
b 7 4 7 6 3 4 5 ‘ 3 3 4 4 51 42.50%
b 5 4 5 3 5 6 4 2 1 44 36.67%
s 7 6 8 9 6 7 ‘ 5 6 7 86 71.67%

Table 3: The number of replications where the value of the replacement
time differs from the best result by less than 2%

Combination The number of set of the simulation process data

of strategies
Giéi

s

519}

574

[S1¢]

[STe) 3

25.83%

2 1.67%

30 25.00%

1 30 25.00%

26 21.67%

1 0.83%

28 23.33%

3 1 26 21.67%
15.83%

21.67%

26 21.67%
25 20.83%
2 1.67%

Table 4: The number of replications where the value of the replacement
time differs from the best result by more than 7%
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Table 5 sorts results in each data set by the value of the average relative deviation
from the best result of the replacement time. The combination of manufacturing and
replacement strategies with the best result has the smallest number and the worst
result is represented by the biggest number. The last two columns show again that the
best results are achieved by implementing the combination of any manufacturing
strategy and the replacement strategy no. 4. Moreover, the combination of the
manufacturing strategy no. 3 and the replacement strategy no. 4 reached the third
place at worst in each set of results. Definitely, the worst results are given by the
combination of the manufacturing strategy no. 1 and the replacement strategy no. 3.

Combination The set number of the simulation process data
. . Sum Average

of strategies | 2 3 4 5 6 7 8 9 10 11 12
ab 15 9 11 15 11 10 14 5 14 16 15 11 146 12.17
[ST4) 14 10 8 13 13 9 13 6 15 14 16 5 136 11.33
a 16 16 16 12 7 8 8 15 16 15 13 15 157 13.08
ol 4 2 6 1 4 2 3 2 1 4 4 4 37 3.08
5141 12 12 12 16 10 13 12 7 10 9 14 12 139 11.58
ol 11 11 10 14 12 11 11 11 11 5 12 6 125 10.42
574 13 15 15 11 9 7 7 16 12 12 11 16 144 12.00
@l 3 1 2 2 3 1 2 4 3 1 3 2 27 225
a6 10 8 7 6 14 16 16 8 7 8 8 13 121 10.08
N 9 7 4 6 8 15 10 9 7 11 7 8 101 8.42
I 8 14 13 5 6 6 6 14 9 10 6 9 106 8.83
N 1 3 1 3 2 3 1 3 2 3 2 3 27 225
ol 5 6 9 9 15 14 15 12 4 7 9 14 119 9.92
e 6 5 5 8 15 12 9 10 4 6 10 7 97 3.08
[V 7 13 14 10 5 5 5 13 13 13 5 10 113 9.42
cils 2 4 3 4 1 4 4 1 6 2 1 1 33 275

Table 5: The sequence of results sorted by the value of average relative deviation
of the replacement time from the best result in each data set

Combination The number of set of the simulation process data
£ . Sum |Effectiveness
of strategies | 2 3 4 5 6 7 8 9 10 11 12
¢ror&x 7 8 10 10 8 10 8 9 7 8 8 7 100 83.33%
C1 AND $x 1 0 3 4 1 1 3 0 2 0 0 2 17 14.17%
& orx 8 9 10 9 8 10 9 8 8 9 8 8 104 86.67%
S AND Cx 1 0 5 4 1 0 3 0 1 0 0 0 15 12.50%
¢ior Gk 10 10 10 9 9 10 10 8 10 8 9 9 112 93.33%
C3 AND Cx 4 1 5 4 1 1 3 0 3 0 1 0 23 19.17%
cronCe 10 9 9 9 10 10 10 3 8 3 9 9 109 90.83%
G4 AND Cx 3 1 5 4 0 1 2 0 2 0 0 0 18 15.00%
cxor&t 7 5 8 6 4 4 4 3 8 4 3 4 60 50.00%
Cx AND $1 4 1 6 4 1 3 3 1 2 1 2 3 31 25.83%
cxor G2 7 5 8 6 4 4 5 3 7 5 4 5 63 52.50%
S AND &2 4 1 6 4 1 3 3 1 2 1 2 3 31 25.83%
SxorG3 6 4 7 4 4 6 7 3 6 2 5 4 58 48.33%
Sy AND &3 1 2 3 4 1 2 3 1 1 2 0 0 20 16.67%
¢xor s 8 9 9 10 10 9 9 10 7 9 9 9 108 90.00%
Sy AND 4 6 5 8 7 6 5 6 4 3 4 5 5 64 53.33%

Table 6: Effectiveness of the manufacturing and replacement strategies separately
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Table 6 presents the effectiveness of strategies separately. Each strategy is
observed from two different points of view. First of all, the number of repetitions was
found in each set when the implemented strategy reached at least in one combination
the difference from the best result lower than 2%. In the second case, the number of
repetitions in each set is searched for when all combinations of strategies reached the
difference from the best result lower than 2%.

In terms of manufacturing, the best results were achieved by the strategy no. 3
whereas the worst ones by the strategy no. 1. Results in Table 6 show that if strategy
no. 3 is used for controlling the manufacturing system, then 93.33% of the cases
include results which differ from the best one by less than 2%. Moreover, there is no
need to solve the problem of the replacement strategy in 19.17% of all cases. The
results delivered by individual manufacturing strategies are very close in nature. The
difference between the best and the worst results equals only 10%.

In case of replacement, the best results were achieved by the strategy no. 4
whereas the worst ones by the strategy no. 3. The result for the replacement strategy is
more emphasized than in case of the manufacturing strategy. The difference between
the best and the worst cases equals more than 40%. The result shows that controlling
the system by means of strategy no. 4 delivers the solution which differs from the best
one by less than 2%. Moreover, the solution does not depend on the manufacturing
strategy type in 53.33% cases.

9 Simulation experiments of more extended systems

The previous conclusions are verified by means of more extended (complex)
production systems. Further experiments were conducted. Specifically, 10 extra
simulation experiments were carried out for the system with thirty and fifty work
centers as well as 10 simulation experiments for fifty work centers. In the first case
a manufacturing machine has 5 various tools at its disposal. The results are presented
in the following tables.

Combination of Average of basic System with 30 System with 50
strategies sets of data work centers work centers
¢1éi 4.83% 6.41% 4.55%
als 4.81% 6.34% 4.55%

G és 527% 7.76% 3.46%
Gi1és 1.51% 1.64% 1.94%
[5Y4) 4.44% 6.61% 4.86%
SY4) 4.30% 6.62% 4.68%
[9Y4) 4.76% 7.80% 2.41%
SI 1.30% 0.82% 1.97%
541 4.00% 6.59% 4.43%
5743 3.83% 6.60% 4.43%
7<) 3.94% 7.09% 3.42%
Y 1.24% 0.80% 1.25%
i 3.95% 5.96% 4.37%
by 3.82% 6.24% 4.37%
7<) 4.09% 7.68% 3.17%
Gl 1.37% 1.41% 1.99%

Table 7: The values of average relative deviation of the replacement
time from the best result
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The tables always show the comparison with the current result achieved on the
basis of the preceding simulation experiments for 12 basic sets of data. Firstly, the
comparison of the relative deviation of the replacement time for the specific
combination of manufacturing and replacement strategies from the best result (the
best combination of strategies) is tracked. The results of simulation experiments of
more extended manufacturing systems confirm the general conclusion that the best
combination from the point of the minimal average value of the monitored deviation
is the combination of the manufacturing strategy no. 3 and the replacement strategy
no. 4. Tables 8 and 9 present the comparison of the numbers of replications in each
data set where the value of the replacement time differs from the best result by less
than 2% or more than 7%. Again, the results are consistent with the conclusions
which were based on the results of the simulation experiments of relatively smaller
manufacturing systems.

Combination of Average of basic System with 30 System with 50
strategies sets of data work centers work centers
61 0.34 1 3
c16 0.34 2 3
6iés 0.27 0 5
16 0.72 7 6
@ 0.37 0 2
@26 0.37 1 2
6263 0.25 0 6
62¢4 0.76 9 6
&6 0.42 1 2
3Ye) 0.45 1 2
& 0.39 1 3
ST 0.77 9 8
e 0.40 2 4
=14) 0.43 1 4
Giés 0.37 0 4
Sica 0.72 7 6

Table 8: The number of replications where the value of the replacement
time differs from the best result by less than 2%

Combination of Average of basic System with 30 System with 50
strategies sets of data work centers work centers
adi 0.27 6 2
G16 0.27 6 2
G1és 0.26 7 2
G1és 0.02 0 1
5Y4 0.25 6 2
[5X¢} 0.25 6 2
6263 0.22 6 1
62¢4 0.01 0 1
Y4 0.23 5 2
6 0.22 5 2
66 0.16 5 1
SI¥ 0.00 0 0
e 0.22 4 2
=14 0.22 5 2
Giés 0.21 7 1
[ 0.02 0 0

Table 9: The number of replications where the value of the replacement time differs
from the best result by more than 7%
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10 Conclusions

The paper presents the way of searching for available manufacturing and replacement
strategies in order to minimize the replacement time of tools. Four manufacturing and
four replacement heuristic strategies are taken into account. All combinations of these
strategies are implemented to control the discussed manufacturing system. Results of
simulation experiments showed that the combination of manufacturing strategy no. 3
(the appropriate algorithm chooses the biggest order) and replacement strategy no. 4
(the biggest ready product amount till the subsequent standstill of the system) delivers
the best result. It proves that it is most suitable to choose the biggest order at the
moment of making a manufacturing decision and to replace all tools in the work
center which lets us manufacture the most units of order after the replacement
procedure is carried out till the subsequent stoppage of the system.

In case of evaluating strategies separately it is possible to emphasize different
results for manufacturing and replacement strategies. Whereas differences between
discussed individual manufacturing strategies tend to be minimal, the results for
replacement strategies are clear. This separate analysis shows that very good results
can be achieved by combining any manufacturing strategy with replacement strategy
no. 4 which is based on choosing all tools for replacement in the work center which
lets us manufacture most units of order vector elements after the replacement process
is carried out till the subsequent stoppage of the system.

It may be argued that more sophisticated optimization techniques guarantee to
reach the global minimum, but the computational burden can become -early
exaggerated for most practical problems. That computational burden is strictly related
to the shape of the error surface, and particularly to the presence of local minima.
Hence, it turns out to be very interesting to investigate the presence of local minima
and particularly to look for conditions that guarantee their absence. However,
sophisticated optimization techniques are implemented to solve problems
characterized by polynomial computational complexity. Moreover, sophisticated
optimization techniques consume a lot of hardware resources: CPU time and memory.
On the other side, there exist problems characterized by at least exponential
complexity that are difficult to solve. A nondeterministic polynomial (NP) type
problem requires vastly more time to solve than it takes to describe the problem.
Choosing the right method may ultimately determine the effectiveness of
manufacturing processes.

Nondeterministic polynomial hard problems are solvable in polynomial time only
if they are on par with polynomial problems. Solving an NP-hard problem requires
worst case exponential time. Polynomial-time approximation algorithms are
implemented for optimization problems, yielding a worst-case upper bound of the
ratio between the cost of an approximate solution and the cost of optimal solution.
Unfortunately, these guaranteed approximation ratios are unrealistically high.

Modern problems tend to be very intricate and relate to analysis of large data sets.
Even if an exact algorithm can be developed its time or space complexity may turn
out unacceptable. In reality it is often sufficient to find an approximate or partial
solution. Such admission extends the set of techniques to cope with the problem.
Heuristic algorithms are able to suggest some approximations to the solution of
optimization problems while solving complex problems.
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In probabilistic analysis problem instances are drawn from simple probability
distributions. Often one can prove excellent performance on the average. However,
the probability distributions may not correspond to real-life instances.

Heuristics are typically evaluated empirically on examples drawn from, or
representative of real-life instances. Heuristics are often “unreasonably effective,” for
reasons not well understood.

Simulation of this type of the manufacturing system is also important in real time.
In this case it is possible to determine when the last order unit leaves the
manufacturing system. Moreover, the operator of the manufacturing system knows
exactly which part of the order is made at the specified moment of the manufacturing
process. It will be interesting to extend this work by including the manufacturing
algorithm of the order unit to be chosen at random. It could be possible to choose the
elements of the order matrix at random by implementing of the pseudorandom
generator. This process can be carried out an optional number of times (e.g. 100000
times or more) and, as a result, the best result is shown and compared with other
results for the subsequent analysis.

Further work should be devoted to the extension of other types of production
systems. It seems unavoidable to invent appropriate heuristic control algorithms
which could deliver a satisfactory solution. The results will have to be compared with
other optimization methods also, in terms of the computation time.

Acknowledgement

This paper was supported in part by the Ministry of Education, Youth and Sports in
the Czech Republic within the Institutional Support for Long-term Development of
a Research Organization in 2014 and European Regional Development Fund within
the project CEBIA-Tech No. CZ.1.05/2.1.00/03.0089.

References

[Bajd et al., 2010] Bajd, T., Mihelj, M., Lenarcic, J., Stanovnik, A. and Munih, M. (2010).
Robotics (Intelligent Systems, Control and Automation: Science and Engineering). Springer,
2010, Book series: Intelligent Systems, Control and Automation: Science and Engineering.

[Banik et al., 2012] Banik S., Anwer M. and Khodadad Khan A.F.M. (2012). Modeling Chaotic
Behavior of Chittagong Stock Indices. Applied Computational Intelligence and Soft
Computing, vol. 2012, Article ID 410832, 7 pages. doi:10.1155/2012/410832

[Banks et al., 2005] Banks, J., Carson, J.S., Nelson, B.L. and Nicol, D. M. (2005). Discrete-
Event System Simulation. Fourth Edition, New Jersey: Prentice Hall, 2005.

[Bankstona and Harnett, 2000] Bankstona, J.B. and Harnett, R.M. (2000). An Heuristic
Algorithm for a Multi-product, Single Machine Capacitated Production Scheduling Problem.
Computers & Operations Research, 27(1):2000.

[Bensmaine et al., 2014] Bensmaine, A., Dahane, M. and Benyoucef, L. (2014). A new
heuristic for integrated process planning and scheduling in reconfigurable manufacturing
systems, International Journal of Production Research, 52(12):3583-3594.

[Bucki and Marecki, 2006] Bucki, R. and Marecki, F. (2006). Digital Simulation of Discrete
Processes. Parkland: Network Integrators Associates, 2006.



522 Bucki R., Chramcov B., Suchanek P.: Heuristic Algorithms ...

[Bucki and Suchanek, 2012] Bucki, R. and Suchanek, P. (2012). The Method of Logistic
Optimization in E-commerce. Journal of Universal Computer Science, 18(10):1238-1258.

[Chramcov and Bucki, 2013] Chramcov, B. and Bucki, R. (2013). Logistic Modeling of Order
Realization in the Complex Parallel Manufacturing System. Proceedings of 27th European
Conference on Modeling and Simulation. ECMS 2013. Alesund, Norway, May 27th - 30st, pp.
657-663.

[Chramcov et al., 2013] Chramcov, B., Bucki, R. and Marusza, S. (2013). Simulation Analysis
of the Complex Production System with Interoperation Buffer Stores. Nostradamus 2013:
Prediction, Modeling and Analysis of Complex Systems Advances in Intelligent Systems and
Computing, Vol. 210, Springer, pp. 423-434.

[Dotoli et al., 2005] Dotoli, M., Fanti, M.P., Mangini, A.M. and Tempone, G. (2005). Fuzzy
Multi-objective Optimization for Network Design of Logistic and Production Systems. ETFA
2005: 10th IEEE International Conference on Emerging Technologies and Factory
Automation, 1(1-2):475-482.

[Edwards, 2008] Edwards, W. (2008). Replacement Strategies for Farm Machinery. [Online]
Iowa State University, 2008. Retrieved 10th April, 2014. URL: <http://www.extension.iastate.
edu/agdm/crops/html/a3-30.html>

[Ekinci, 2007] Ekinci E. and Ornek A.M. (2007). A Heuristic Approach for Determining Lot
Sizes and Schedules Using Power-of-Two Policy,” Journal of Applied Mathematics and
Decision Sciences, vol. 2007, Article ID 53606, 18 pages, 2007. doi:10.1155/2007/53606

[Georgilakis et al., 2007] Georgilakis, P.S., Tsili, M.A. and Souflaris, A.T. (2007). A heuristic
solution to the transformer manufacturing cost optimization problem. Journal of Materials
Processing Technology, 181(1-3):260-266.

[Gruszka, 2003] Gruszka, D. (2003). Computer-Based Simulator of a Production System.
Diploma Thesis. College of Informatics and Management, Bielsko-Biata, 2003, p. 74.

[He and Hu, 2014] He X. and Hu W. (2014). Modeling Relief Demands in an Emergency
Supply Chain System under Large-Scale Disasters Based on a Queuing Network. The Scientific
World Journal, vol. 2014, Article ID 195053, 12 pages. doi:10.1155/2014/195053.

[Horn et al., 2006] Horn, S., Weigert, G. and Beier, E. (2006). Heuristic optimization strategies
for scheduling of manufacturing processes. 29th International Spring Seminar on Electronics
Technology, pp. 228 —233.

[Karageorgos et al., 2003] Karageorgos, A., Mehandjiev, N., Weichhart, G. and Hammerle, A.
(2003). Agent-based Optimization of Logistics and Production Planning. Engineering
Applications of Artificial Intelligence, 16(4):335-348.

[Kim and Lee, 2013] Kim, Ch. and Lee, T.E. (2013). Modeling and Simulation of Automated
Manufacturing Systems for Evaluation of Complex Schedules. International Journal of
Production Research, 51(12):3734-3747.

[Lee and El-Sharkawi, 07] Lee, K. Z. and El-Sharkawi, M. A. (2007). Modern Heuristic
Optimization Techniques: Theory and Applications to Power Systems, J. Wiley & Sons,
2007. ISBN 9780471457114.

[Li et al., 2009] Li, W.D., Gao, L. and Li, X.Y. (2009). Application of Intelligent Strategies for
Cooperative Manufacturing Planning. Journal of Universal Computer Science, 15(9):1907-
1923.



Bucki R., Chramcov B., Suchanek P.: Heuristic Algorithms ... 523

[Lin et al.,, 2012] Lin M.H., Tsai J.F. and Yu Ch.S. (2012). A Review of Deterministic
Optimization Methods in Engineering and Management. Mathematical Problems in
Engineering, vol. 2012, Article ID 756023, 15 pages, 2012. doi:10.1155/2012/756023

[Losada et al., 2013] Losada, B., Urretavizcaya, M., Lopez-Gil, J.M. and Fernandez-Castro, 1.
(2013). Applying Usability Engineering in InterMod Agile Development Methodology. A Case
Study in a Mobile Application. Journal of Universal Computer Science, 19(8):1046-1065.

[Lyra, 2010] Lyra, M. (2010). Heuristic Strategies in Finance — An Overview. Comisef
Working Papers Series, 2010, Computational Optimization Methods in Statistics, Econometrics
and Finance.

[Macias and De La Parte, 2004] Macias, E.J. and De La Parte, M.P. (2004). Simulation and
Optimization of Logistic and Production Systems Using Discrete and Continuous Petri Nets.
Simulation-transactions of the Society for Modeling and Simulation International, 80(3):143-
152.

[Mansini and Speranza, 1999] Mansini, R. and Speranza, M.G. (1999). Heuristic Algorithms
for the Portfolio Selection Problem with Minimum Transaction Lots. Furopean Journal of
Operational Research 114, 1999, pp. 219 — 233.

[Michalewicz and Fogel, 2004] Michalewicz, Z. and Fogel, D.B. (2004). How to Solve It:
Modern Heuristics. Springer, 2004, 554 p.

[Modrak and Pandian, 2012] Modrak, V. and Pandian, R. S. (2012). Operations Management
Research and Cellular Manufacturing Systems: Innovative Methods and Approaches. 1GIl
Global, 2012, p. 439, ISBN 978-1-61350-047-7.

[Modrak et al., 2013] Modrak, V., Semanco, P. and Kulpa, W. (2013). Performance
Measurement of Selected Heuristic Algorithms for Solving Scheduling Problems. /EEE 11th
International Symposium on Applied Machine Intelligence and Informatics (SAMI), 2013, pp.
205-209.

[Montoya-Torres and Bello, 2011] Montoya-Torres, J.R. and Bello, G.O. (2011). Integer linear
programming formulation of the vehicle positioning problem in automated manufacturing
systems. Journal of Intelligent Manufacturing, 22(4):545-552.

[Morris, 1994] Morriss, S.B. (1994). Automated Manufacturing Systems: Actuators, Controls,
Sensors, and Robotics, McGraw-Hill Science, 1994, 301 p.

[Muthukumaran and Muthu, 2012] Muthukumaran M. and Muthu S. (2012). A Heuristic
Scheduling Algorithm for Minimizing Makespan and Idle Time in a Nagare Cell. Advances in
Mechanical  Engineering, vol. 2012, Article ID 895463, 13 pages, 2012.
doi:10.1155/2012/895463

[Niu and Tian, 2013] Niu H. and Tian X. (2013). An Approach to Optimize the Departure
Times of Transit Vehicles with Strict Capacity Constraints. Mathematical Problems in
Engineering, vol. 2013, Article ID 471928, 9 pages, 2013. doi:10.1155/2013/471928

[Panella et al., 2013] Panella, M., Barcellona F. and D'Ecclesia, R. L. (2013). Forecasting
Energy Commodity Prices Using Neural Networks. Advances in Decision Sciences, vol. 2012,
Article ID 289810, 26 pages, 2012. doi:10.1155/2012/289810

[Quan-Ke et al.,, 2010] Quan-Ke P., Ponnuthurai N.S., Chua, T.J. et al. (2010). Solving
manpower scheduling problem in manufacturing using mixed-integer programming with a two-
stage heuristic algorithm. International Journal of Advanced Manufacturing Technology, 46(9-
12):1229-1237.



524 Bucki R., Chramcov B., Suchanek P.: Heuristic Algorithms ...

[Rodriguez et al., 2009] Rodriguez, G., Martin, M.J., Gonzalez, P. and Tourino, J. (2009). A
Heuristic Approach for the Automatic Insertion of Checkpoints in Message-Passing Codes.
Journal of Universal Computer Science, 15(14):2894-2911.

[Shapiro, 2006] Shapiro, J.F. (2006). Modeling the Supply Chain. South-Western College Pub,
2006.

[Shi et al., 2010] Shi R., Shangguan Ch. and Zhou H. (2010). Modeling and Evolutionary
Optimization on Multilevel Production Scheduling: A Case Study. Applied Computational
Intelligence and Soft Computing, vol. 2010, Article ID 781598, 14 pages, 2010.
doi:10.1155/2010/781598

[Shimizu et al., 2008] Shimizu, Y., Yamazaki, Y. and Wada, T. (2008). A Hybrid Meta-
heuristic Method for Logistics Optimization Associated with Production Planning. [8th
European Symposium on Computer Aided Process Engineering, 2008, Volume 25, pp. 301 —
306.

[Surman and Morales, 2002] Surmann, H. and Morales, A. (2002). Scheduling tasks to a team
of autonomous mobile service robots in indoor environments, Journal of Universal Computer
Science, 8(8):809-833.

[Suchanek, 2011] Suchanek, P. (2011). Business Intelligence - The Standard Tool of a Modern
Company. Proceedings of the 6th International Scientific Symposium on Business
Administration: Global Economic Crisis and Changes: Restructuring Business System:
Strategic Perspectives for Local, National and Global Actors, 2011, pp. 123-132.

[gperka et al., 2013] Sperka, R., Spisak, M. and Slaninové, K. (2013). Control Loop Model of
Virtual Company in BPM Simulation. Soft Computing Models in Industrial and Environmental
Applications, Volume 188, 2013, pp. 515-524.

[Vanderkam, 2007] Vanderkam, R.P.D., Wiersma, Y.F. and King, D.J. (2007). Heuristic
algorithms vs. linear programs for designing efficient conservation reserve networks: valuation
of solution optimality and processing time. Biological Conservation, 137(3):349-358.

[Vasant, 2012] Vasant, P. (2012). Meta-Heuristics Optimization Algorithms in Engineering,
Business, Economics, and Finance. 1GI Global, 2012. 734 p.

[Ventura and Yoon, 2013] Ventura, J.A. and Yoon, S.H. (2013). A New Genetic Algorithm for
Lot-streaming Flow Shop Scheduling with Limited Capacity Buffers. Journal of Intelligent
Manufacturing, 24(6):1185 — 1196.

[Vymétal, 2009] Vymétal, D. (2009). Value Chain and Process Models: Is the Gap between
Them Real? Proceedings of Distance Learning, Simulation and Communication 2009, pp. 198-
205.

[Wang et al., 2013] Wang, L., Qu, H., Li, Y. and He, J. (2013). Modeling and Optimization of
Stochastic Joint Replenishment and Delivery Scheduling Problem with Uncertain Costs.
Discrete Dynamics in Nature and Society, vol. 2013, Article ID 657465, 12 page.
doi:10.1155/2013/657465

[Wooldridge, 2009] Wooldridge, M. (2009). An Introduction to Multi Agent Systems, Wiley,
2009. 484 p.

[Xiong et al., 1996] Xiong, H., Zhou, M. and Caudill, R. (1996). A Hybrid Heuristic Search
Algorithm for Scheduling Flexible Manufacturing Systems. /[EEE International Conference on
Robotics and Automation 1996, Volume 3, pp. 2793-2797.



Bucki R., Chramcov B., Suchanek P.: Heuristic Algorithms ... 525

[Xu et al., 2010] Xu, M., Mu, C.D., Zeng, Z.B. and Li, Z.B. (2010). A Heuristic Approach to
Positive Root Isolation for Multiple Power Sums. Journal of Universal Computer Science,
16(14):1912-1926.

[Yun et al., 2013] Yun H.Y., Jeong S.J. and Kim K.S. (2013). Advanced Harmony Search with
Ant Colony Optimization for Solving the Traveling Salesman Problem. Journal of Applied
Mathematics, vol. 2013, Article ID 123738, 8 pages, 2013. doi:10.1155/2013/123738

[Zhang, 2013] Zhang R. (2013). A Three-Stage Optimization Algorithm for the Stochastic
Parallel Machine Scheduling Problem with Adjustable Production Rates. Discrete Dynamics in
Nature and Society, vol. 2013, Article ID 280560, 15 pages, 2013. doi:10.1155/2013/280560

[Zharfi and Mirzazadeh, 2012] Zharfi V. and Mirzazadeh A. (2012). A Novel Metaheuristic for
Travelling Salesman Problem. Journal of Industrial Engineering, vol. 2013, Article ID 347825,
5 pages, 2013. doi:10.1155/2013/347825



