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Just-in-Time (JIT) is a new, very efficient strategy of control of discrete
production systems. Its analysis requires essentially new mathematical
models and new efficient methods of solution of optimization problems. At
the begining, review of research directions in the field of JIT systems has
been presented and that of discrete optimisation methods with particular
attention paid to those based on elements of Artificial Intelligence. In the
essential part of the book, there are analysed some scheduling problems
which can be applied to modelling JIT systems. There are considered,
among others, the problem of scheduling of a production cell with various
measures of on-time parts supply, the problem of minimising the work-in-
process in the flow-line and the problems of intercell buffering in the flexible
flow-line. For each considered problem there are provided mathematical
models, some properties and solution algorithms. From among solution
methods, the significant attention is paid to local search techniques and
very efficient tabu search method which has been developed essentially.
The numerical properties of the algorithms are examined analytically and
experimentally.
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Chapter 1

Introduction

Just-in-time (JIT) is the strategy of manufacturing and inventory control whereby
the required items are produced at the time and in the quantities needed. JIT
stimulates a new flexible thinking in planning, controlling and performing ac-
tivities, stock controlling, cash controlling and has significant influence on the
reduction of manufacturing costs. In practice, its effects are much more signifi-
cant by simultaneous improving the overall performance of the whole organisa-
tion. Generally, JIT can be seen as an approach that combines several objectives,
commonly considered as conflicting, namely decrease in cost, increase in product
quality, manufacturing flexibility and delivery performances.

Omne of the most spectacular implementations of JIT manufacturing, per-
formed on the Q-Flex accelerometer product line at Soundstrand Data Control’s
Instrument Systems Division, provided already in the first year of application the
following benefits: quality up by 50%, rework down by 66%, scrap costs cut by
60%, cycle to produce a unit reduced by 90%, money tied up in work-in-process
down by 80%, unit hours decreased by 20%, overtime virtually eliminated, Scan-
zon [277]. All this with a 20% improvement in total capacity and no additional
floor space required. Many other famous implementations have been provided,
as an example Xerox plant, where the JIT strategy introduced in 1983 reduced
the time of holding inventory 1.5 times with respect to MRP inventory control
(dated from 1979), this in turn reduced 2.6 times inventory with respect to the
older order point system, Flapper et al. [71]. Other well-known names appear fre-
quently in the context of JIT successful implementations: Intel, Motorola, Texas
Instruments, IBM, Westinghouse, General Electric.

The source of JIT philosophy one can find in Japanese manufacturing tech-
niques from the end of 70’s and at the beginning of 80’s, see Toyota production
systems, Schonenberger [278]. Since these works and the important addition
concerning zero inventories, Hall [133], a considerable amount of results has been
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reported in this approach. The greatest number of papers published is observed
close to the end of 80’s and at the beginning of 90’s, hence the JIT philosophy
is quite young. The significance of JIT strategy is clearly shown in the survey of
the state of its developement and implementation in the USA in 1990, Gilbert
[80], where 31 characteristic elements of the JIT technique were checked on a
representative sample. 20-30% of manufacturing systems have been found with
appropriate JIT implementation programs well developed, and next 20-40% -
with programs just starting. All JIT characteristic elements constitute a high in-
novation in traditional manufacturing systems, thus are particulary recommended
for obsolete manufacturing enviroments. In fact, JIT systems come near the at-
tention of many practitioners since they offer essentially new benefits as well as
profitable attributes in the aggressive, competitive manufacturing environment?,
particularly in flexible manufacturing systems (FMS) and computer-integrated
manufacturing (CIM), where this strategy can easily be implemented. One can
say that the future belongs to manufacturing systems controlled by JIT strategy.

On the other hand, most of the papers dealing with JIT systems are classified
as case studies based on experience of the authors (some practical aspects). The
number of mathematical models and algorithms reported on the JIT manufac-
turing systems is rather small. Quite often the proposed models either simplify
the reality excessively, or become inadequate because of too general assumptions,
unacceptable in practice. Moreover, formal mathematical models are still too
complex (or of too high dimension) to solve them by standard tools of discrete
optimisation, queuing theory, control theory, etc. Solving the stated theoreti-
cal problems of optimisation or control by using a reasonable computer resources
(storage- and time- requirements) is usually very hard because of dimension curse
and NP-hardness of the problems. Up to now, only simulation studies perform
well; however in most of the complex cases, a huge amount of time is required.
Therefore there is room for applying sophisticated, powerful tools of operations
research (OR), management science (MS), control theory (CT), optimisation the-
ory (OT), scheduling theory (ST) and queuing theory (QT) to represent JIT
manufacturing systems.

The development of JIT strategy coincides well with some research directions
arisen recently in the deterministic sequencing theory, as an example problems
of due date requirements, nonregular penalty functions, flow lines, multi-purpose
flow lines, no-store and zero-wait policy, etc. In this paper, there is presented
an approach, having its origin in classic deterministic sequencing theory, which
can be applied in modelling and solving some optimisation and control problems
in JIT manufacturing systems. Modern discrete optimisation methods with ele-

!The immediate result of the market economy.



ments of artificial intelligence (AI) constitute a base for this approach. It should
be emphasised, that not only formulation of the problems and solution methods
are important in the considered research area. Equally valid are also the rational-
ity and efficiency of proposed algorithms, which must be adjusted to act in the
real control systems and/or decision support systems. The proposed approach
is derived partially from the author’s experiences gained during studies on the
following subjects and research projects:

(a) Theory, models, algorithms and software for sequencing problems, within
a Research Program “Numerical methods of optimisation and control” 2,
[98], [99], [100], [101], [102], [103], [104], [105], [106], [107],

(b) Algorithms for complex optimisation problems in manufacturing systems,
within a Research Program “Theory of control and optimisation of contin-
uous dynamic systems and discrete processes” 3, [109], [110], [111], [112],
[215], [216], [218], [220], [221], [292], [293], [295], [296], [297], [298], [299],
[300], [113]

(c) Decision support systems, within an International Research Project “Re-
source Constrained Project Scheduling Problem: An International Exercise
in DSS Development” held under the auspices of the International Institute
of Applied System Analysis (IIASA), Laxenburg, Austria %, [217], [222],
[223], [227], [294], [304]

(d) Worst-case analysis as a method of performance evaluation for approxima-
tion algorithms . [219], [224], [225], [226], [228], [229], [301], [303], [306]

(e) Artificial intelligence and approximation algorithms for scheduling in man-
ufacturing systems ¢, [230], [231], [232], [302], [305], [307], [308]

The author also wish to thank all the persons and organisations which sup-
ported this work. Special thanks are addressed to my family for the patience,
the State Commitee — for funds for the research 7, and Professor Fred Glover
from Colorado University at Boulder — for valuable suggestions referring to TS
technique.
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Chapter 2

Optimisation and control in
JIT systems

The manufacturing system is a kind of highly complex system presented as a black
boz having row materials (substrates) and resources (machines, personnel, energy,
etc.) at the input, and final products at the output. The basic aim of this system
is to provide required final products in required quantities and required time
moments. These requirements are either set arbitrary (firm contracts) or derived
from a forecasting of environment needs !. From some point of view we would like
to obtain the programmed (assumed in advance) output values in time. To reach
this goal one must determine the values of input variables in time, having means of
control variables. There are also available some additional control variables which
influence flows of materials and the distribution of resources inside the system.
In practice, by controlling the system we can usually get only output the close
to that assumed because of random system breakdowns or input disturbances.
Moreover, there exist many ways of achieving this goal. Hence, there is needed
an additional measure of the system activity. Beside the “ distance” between
the assumed and realy outputs, a supporting criterion of the system behaviour
has frequently been introduced. It is based chiefly on production cost or net
present value as the most common and universal ones. Many methods of these
cost calculations have been proposed and developed.

Manufacturing systems can be analysed by taking advantage of either deter-
ministic or stochastic models. If the system reliability is small (frequent machine
breakdowns, man faults, poor product quality, etc. 2) and the input disturbance
high, the system tends towards stochastic one. (On the other hand, instead of

! Although the quality of forecasting can have an influence on the system behaviour, we will
assume hereafter known output requirements obtained by forecasting made outside the system.
2 All these random breakdowns are associated with the presence of man in the machine world.
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controling such a poor system one can propose to apply beforehand a firm re-
construction program, that results in a significant improvement of the system
performance.)

Quite often, in order to decrease the influence of uncertainty on the assumed
goal, inputs as well as outputs are buffered. Unfortunately, there is a tendency in
practice to increase the buffer stock with increasing uncertainty, that implies the
higher production cost followed from the superfluous inventory. These inventory
costs, linked with the costs of machine repairing and worker idle time, clearly show
faults which will eliminate in the near future this system from the manufacturing
environment because of too high production cost. '

Modern manufacturing systems, by releasing human factor (CIM systems,
FMS), admit a smaller number of random events and thus can be described with a
high accuracy by deterministic models. Moreover, many production structures in-
vestigated theoretically well, as an example the production cell with (non)uniform
parallel machines, flow line, multi-machine flow line, flexible job shop, etc., are
immediately applicable in these systems. In this context, there is a room for
applying models as well as algorithms from deterministic scheduling theory as a
convenient tool for analysis and control. Note that better (more adequate) mod-
els allow us to use more tight “aggressive” control. In terms of the above, JIT
philosophy resolves problems of the production control which provide assumed
output with sufficiently high accuracy at the minimal production cost.

There are also other significant features which essentially distinguish JIT sys-
tems from the surrounding manufacturing environment. The main one refers
to the structure of the control system. In manufacturing systems consisting of
several production units (PU), there are at least three mutually disjoined control
structures (see Fig. 2.1) : (a) single-level centralised control (CC), (b) hierarchical
multi-level control (HC) with a selected special sub-class two-level (master-slave)
control, where parameters for local controllers (LC) are set by superordinary con-
trol system (SC), (c) decentralised control based on co-operated local controllers
(LC). Other types of the control can be obtained due to a combination of these
three, for example by admitting in (b) the co-operation between successive local
controllers, like in (c). In this figure, information flows are marked by thin lines,
control flows by thick lines, whereas material/product flows by wide arrows. Al-
though we have assumed, for the simplicity of presentation, that the production
system has a flow line structure, nevertheless this classification remains valid for
other types of production flow, as an example for rooted tree architecture (as-
sembly systems). One can say that enumerated types of control are well known
and have been performed for years in the manufacturing systems with a man
as an “intelligent controller”. However, followed by a high automation of the
technology processes, there is a common tendency to replace human controller
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Figure 2.1: Control structures of manufacturing systems

by automatic (programmed) one, and to simplify the control algorithm. Whereas
the control in traditional manufacturing systems has been kept within structures
(a) or (b), JIT philosophy prefers control of the type (c) with the algorithm for
LC as simply as possible and as fast as possible.

Other differences refer to the technique of finding the control. Classic man-
ufacturing control techniques treat the data of the problem (processing times,
transport times, set-up times, etc.) as fixed, whereas JIT treats them as at least
modifiable. These modification can be made under certain conditions, with some
limited scope, at some additional cost, etc. One can say that JIT is an “active”
strategy with respect to the old one, which is considered as “passive”.

There have been found more characteristic elements of JIT systems. Gilbert
[80] provides a list containing 31 such elements among which one can find as e.g.
pull strategy, set-up and lead times reduction, zero-buffer and no-wait policy, ded-
icated production lines, synchronised scheduling, zero deviation from schedule,
regularity in end-product scheduling, Kanbans.

2.1 Classification of problems

During the past few years, a number of papers have dealt with concept, design,
justification, control, modelling, implementation, management and operational
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aspects of JIT manufacturing systems. Although more than thirty characteristic
elements of JIT systems have been recognised and distinguished, [80], most of
the papers can be reckoned in several research directions briefly presented in
the subsequent subsections, see excellent surveys of Golhar and Stamm [93] 3,
Gunasekaran et al. [122], Kubiak [174], supplemented by works since 1993, we
mention only some of these papers [5, 6, 12, 42, 48, 49, 50, 60, 67, 121, 123, 129,
165, 185, 201, 214, 244, 340].

2.1.1 Work in process reduction

Wastes in production systems can take several forms. Most of them have pure
inventory character associated with cycle stock, buffer stock, whereas others refer
to time, material handling, motion, and product quality, Hall {133]. To reduce
these wastes a lot of organisational propositions have been suggested. Neverthe-
less, the work in process (WIP) reduction problem has been discussed more often
than others, particularly in the context of impact of the buffer storage on a pro-
duction line output, Buzacott [33], Ignall and Silver [150] or impact of production
parameters (set-up time/cost, delivery times, etc.) on the inventory cost, Funk
[76]. The former models assume either stochastic processing times or random
machine breakdowns, and obviously a limited buffer storage. Note that in JIT
environments no buffer stock is allowed, and hence zero inventory (ZI) is highly
desirable. The notion ZI is often used in the context of Japanese inventory sys-
tem, JIT system, and Kanban system. ZI with a simultaneous set-up reduction
offer a new promising direction of improving production efficiency. However, ex-
treme reducing the set-up costs does not necessarily reduce inventory, Zangwill
[341].

The reduction of inventory costs in JIT systems and differences between WIP-
and JIT-type inventory control policies have been discussed among others by
Funk [76] and Sipper and Shapira [290]. Other problems related to WIP in JIT
associated with AGV systems have been considered by Occena and Yokota [233].

2.1.2 Kanban controlled systems

This type of control can be classified as mixed (c) and (b) control structure from
Fig. 2.1. Kanban philosophy has been introduced to JIT manufacturing to keep
a tight control over inventory and to reduce the inventory level to a minimum.
Kanbans derive originally from Toyota, and now are identified as one of the
characteristic elements of JIT systems.

3This survey is made for a huge number of 860 papers.
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In the Kanban system, items are put into containers and different types of
items are held in different containers. Once a container is full, a Kanban is
attached to it. “Kanban” in the Japanese, refers to a card or tag. Some of the
authors call it also a Kanban ticket or pass. Kanbans are destined for multiple
use, their number is limited and used to control the system. The full container
is valid only with attached Kanban. A Kanban usually carries the following
data: (A) item specification (name, description, cardinality in the container,
etc.), (B) container specification (type, capacity), (C) identification number, (D)
technological order (preceding stage, succeeding stage).

Each stage of the Kanban system can be seen as a production process (fab-
rication, subassembly, delivery, purchase) with an inventory point located at the
output of this stage. Produced items fill a container, which next is stored in
the inventory point with a Kanban attached to it. Each stage acts using as in-
puts the items stored at the inventory point of the immediate predecessor stage.
When a full container is taken from the inventory point of the current stage (to
be used by the production process of the immediate successor stage) the Kanban
originally attached to the container is detached and left at this inventory point.
All detached Kanbans are collected and periodically sent back to the production
process of the current stage to provide a new processing order usually fulfiled by
the FIFO rule.

The total number of Kanbans circulating between production process and
the inventory point of each stage is fixed over time, and used to control the
maximum inventory build-up of this stage. It is clear that the production schedule
(production order) of the final stage is automatically transmitted back to all the
upstream stages. Since each detached Kanban automatically becomes a new
order, no other inventory control is needed. Similarly, each machine breakdown
automatically stops unwanted inventory of preceding stages. One can say that
upstream are flexible and self-operated.

Kanbans play at least five roles in the manufacturing process. The container
is a kind of buffer designed to attenuate random production events, e.g. machine
breakdowns. The size of the container explicitly allots production lot size. The
number of Kanban cards limits the number of production lots. The order of re-
ceiving Kanban cards provides the production order. Kanban cards are also used
to ensure communication loop (with feedback) between successive production
units and to stop unwanted production if it is necessary.

There are a few theoretical optimisation problems considered in Kanban sys-
tems. First, determination of the number of Kanbans and a container lot size at
each stage required to satisfy the customer’s demand, e.g. Philicom et al. [247],
Monden [119], Chaudhury and Whinstom [41], Huang et al. [146], or other pa-
pers on this subject in the bibliography. These models assume deterministic or
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stochastic demands, stochastic machine breakdowns, single or multiple item pro-
duction, assembly type production, single or multiple machine stages. Formulated.
models are either too unrealistic, or too complicated for practical applications.
As to now, only simulation studies prove to be satisfactory. Second, the choice
between Kanban system and traditional lot-sized model of production that takes
into account a trade-off between the planning horizon and a fluctuation of de-
mands. Note that if the demand fluctuates markedly over the planning horizon
the Kanban system, because of the fixed number of Kanbans, forces the facility to
carry more inventory than one really needed. On the other hand, these trade-offs
are significantly situation dependent. ’

2.1.3 Assembly line leveling

‘The primal source of the JIT philosophy follows from assembly systems consisting
of a single or multiple cooperated lines with a tree-like structure *. Consequently,
there exists in JIT field the research sub-direction associated with assembly lines,
see the papers [120, 152, 172, 173, 199, 200, 202] and the survey of Kubiak [174].

These are the problems specific by means of considered models and scheduling
objectives. To satisfy the customer demands for a variety of products without
holding large inventories, one proposes to keep the quantity of each product pro-
duced per unit time as close as possible to the demand for that product per unit
time. This type of problems is called the leveling of the schedule of mixed-model
assembly line, Hall [133], Monden [207]. There are several objectives used-in
these models, as e.g. minimising variation of the rate at which different products
are produced on the line (PRV), minimising variation of the rate at which the
line supply different products on its output (ORV), smoothing the workload on
each workstation on the line, etc. Special cases are distinguished, as e.g. when
outputs require the same/various number of parts, when requirements for each
different product are approximately equal or distinct, Kubiak [174]. Solution al-
gorithms proposed emply either mixed-integer programing models or scheduling
models with appropriately defined penalty function.

2.1.4 Push, pull and squeeze shop floor control

The push control policy is the oldest and commonly used one, also in many highly
industrialised Western countries. Production commands are given per period in
advance, based on forecast demands and predicated product flows in the inventory
system. The most adequate characteristic of such a system is associated with a

*Some further implementations of JIT strategy refers to non-assembly systems with a more
general structure, as e.g. job-shop Gravel and Price [119].
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job (product) flow. The job (material) is released to the first stage of the system,
in turn this stage pushes the work in process (WIP) to the following stage, and
so forth until the product reaches the final stage. One can say that this type of
control pushes product through the system in accordance with an external master
schedule. It represents the type (a) of control in Fig. 2.1.

The pull control policy prevents the superfluous inventory. The productmn
material goes through the system only on demand, each stage pulls semi-products
from the preceding stages, so as to meet precisely customer requirements, see (¢)
in Fig. 2.1. JIT system is a pull system supplying product only on demand, Kim
[161]. Nevertheless, the pull philosophy need not be used in all manufacturing
systems. Although there are several techniques of achieving a pull type control
system, the most of the known implementations refer to the use of Kanbans, quite
often to balance an assembly line.

The squeeze control policy concentrates only on those machines in the pro-
duction process which are bottleneck, i.e. where production is squeezed. Based
on the observation that normal fluctuations in production always have a negative
effect on co-operated streams, bottleneck machines are protected with an inven-
tory buffer so as to minimise the impact of this fluctuation on the downstream-—
dependent processes. Next, bottleneck machines are scheduled in accordance to
the final product schedule, whereas schedule of the remain machines is adjusted
to those bottlenecks.

It has been shown by Sarker and Fitzsimmons [269] that pure push and pure
pull strategies have different advantages and disadvantages. Therefore, a compro-
mise, called hybrid push/pull control strategies, seems to be the most suitable.

2.1.5 MRP/JIT/OPT inventory control

MRP (Material Requirements Planning), MRPII (Manufacturing Resource Plan-
ning), JIT and OPT (Optimised Production Technology) are considered as mu-
tually exclusive systems of the inventory control. They correspond to the control
techniques push, push, pull, and squeeze, respectively, mentioned in the previous
subsection, Ramsey et al. [258].

MRP, MRPII and OPT form a centralised system of controlling and plan-
ning the inventory. Demands for final products are translated into requirements
for parts, materials, resources, etc. addressed to particular components of the
system. The production is completely planned and is run in accordance with a
master production schedule developed by balancing requirements and resources.
This schedule is being performed with the use of monitoring and controlling of
the production progress, called the shop floor control. The cost of the production
is observed, compared with standard costs for all manufacturing activities and
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provides production account. MRP is an ideal technique for planning and con-
trolling production activities, but is less useful for reducing costs and lead-times
as well as for improving quality.

Generally, application of each of these systems is specific, however there are
some suggestions derived from the research and implementations. In a repeti-
tive manufacturing environment with a small variety of products (e.g. assembly
systems), Kanban is found as the most effective method of control. There, it
drastically reduces inventory and simplifies control and planning. However, in a
job-shop environment with a large variety of products, MRP is preferable. In the
complex production environments, OPT is preferred to MRP and JIT.

2.1.6 Set-up reduction

One of the important aspect of the JIT systems and ZI concept is to reduce
the set-up cost. In this way one can save the capacity of a facility, to reduce
lot-sizes, to improve the overall utilisation and efficiency of production system,
Porteues [310, 248, 249]. Japanese apply set-up reduction programmes by using
quick clamping devices, jigs, fixtures, etc., to reduce set-up time. It can also be
shown that in some cases larger batches may also influence a product quality.
Besides the problems mentioned, one can also state the problem of finding op-
timal set-up costs under various conditions and the problem of finding optimal
set-up reduction program assuming investment means and profits. Karmarkar
[159] has proved that the set-up reduction program can significantly improve the
overall utilisation and efficiency of a manufacturing system. These models can be
used while evaluating different strategies for investment in the set-up reduction
program for achieving a JIT manufacturing system.

2.1.7 JIT purchasing/suppliers systems

Basic concepts underlying JIT production and purchasing systems along with
potential problems and benefits have been presented by Hahn [130]. Note that
conventional inventory models assume cost per order fixed, but JIT models treat
this cost as variable.

Various strategies, effective in JIT purchasing environment, were described,
by Ansari and Heckel [9], as well as Schonenberger and Gilbert [280]. They
presented among others, the delivery frequency model from the Hewlett-Packard.
However the JIT purchasing system needs a more general analytical framework.
O’Neal [235] described the behavioural and logistical aspects of the buyer—seller
relations. Moreover, he presented an empirical study designed to measure the
level of JIT system adoption in the automotive industry. Unfortunately, this
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study has some limitations because of too small sample, single industry branch,
etc., that limits its real significance. Transportation costs (vehicle routing) in JIT
systems linked with the appropriate supplying problem have been considered by
Golden and Assad [92]. Note, modern JIT purchasing practices are in contrast
with most employed purchasing traditions. This problem is pinpointed in the
paper of Schonenberger and Gilbert [280]. A

2.1.8 Cellular manufacturing systems

Cellular manufacturing systems are closely related to JIT systems, since it is
difficult to find JIT system that does not employ this idea. It is one of the best
means applied to the implementation at JIT philosophy and total quality control.
Cellular manufacturing can be seen as an application of group technology (GT)
philosophy, Sassani [270], Wemmerléw and Hyer [332], where a portion of a firm’s
production system has been converted to cells or modules. Although several
papers deal with cellular manufacturing, application of general GT philosophy in
JIT have not received a comparable attention.

2.1.9 JIT implementations

This is the most descriptive and currently the most practical subject of JIT sys-
tem applications. Generally, JIT manufacturing requires better forecasting, much
tighter control of work-in-process arid near perfect quality. Parnaby [242] pro-
poses an approach to the implementation of JIT philosophy in selected industry
branches. He formulates some basic principles based on simplification and im-
proving reliability of the flow system, creation of cellular manufacture, team work
and non-traditional organisational structures. Some aspects of implementations
in other branches of industry have been discussed, among others, by Crawford
[61], Miltenburg and Wijngaard [200], Richmond and Blackstone [263].

2.1.10 Design of JIT systems

The physical layout of the production facilities in JIT systems is suggested to be
U-shaped, Monden [208], due to its flexibility in changing the number of workers
on demand. Clearly those workers should be trained to be multi-functional.
Among the layouts inappropriate for JIT systems one can find isolated islands,
bird cages and linear layouts. In practice, such the re-organisation of production
facilities might be possible in some systems.

There have been relatively few models dealing with the equipment selection
problems in JIT manufacturing systems, most of them were reviewed by Kusiak
and Heragu [179], Kusiak [178]. These models chiefly consider the problem of
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selecting the number of machines required, taking account of the standard part
processing, daily production of parts, budget, floor space, overtime constraints,
influence of Kanbans, lot-sizes, set-up costs, etc.

A general decision framework for the problem of equipment requirements has
been proposed there. The final machine configurations are determined by the
following factors: (i) machine set-up times, (ii) machine processing capacity, (iii)
scrappage rates, (iv) investments in buying machines. Therefore the selection
of machines for JIT systems should provide at least: (a) minimum or no in-
process inventory, (b) minimum set-up times, (c) minimum or no scrappages,
(d) appropriate level of general purpose machinability, (e) integration with the
material handling system.

2.2 Towards JIT system needs

The problem of the design of JIT system must incorporate particular features
of JIT systems such as no buffers allowed, balanced loading, U-shaped system
layout, Kanbans, pull-type production, simple shop floor, reduced set-up times,
standardisation of process and products, multi-machine work-centre, and multi-
product work-centre, zero deviation from schedule, synchronized scheduling, etc.
In order to introduce a master production schedule, a suitable forecasting tech-
nique is necessary. '

Many of attributes associated with JIT manufacturing appears independently;
however, a system having only one or two attributes rarely exists. Aims, such as
zero inventory, zero set-up times, zero defects, zero break-downs, etc., set by JIT
philosophy are usually difficult to reach, Gunasekaran et al. [122]. Therefore, the
models considered should be more complex to be adequate to real systems.

It appears that JIT performs well for the flow-shop type production, however
other production environments e.g. job-shop or flow- and job-shop with parallel
uniform and non-uniform machines should also be investigated. Considered struc-
tures should employ cellular decomposition of production facilities. The problem
of allocation buffers in front of different stages may be an interesting area for
further research.

The major JIT research should be concentrated on manufacturing, purchas- -
ing, Kanbans and WIP inventory reduction. There is also need for research on
various optimisation problems in JIT systems. These models can be designed
for the use of queering theory methods, scheduling and sequencing algorithms,
transfer line models without buffer, control theory and other methods mentioned
earlier.
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2.3 Discrete optimisation methods.

Most of the problems of optimal planning and control in JIT manufacturing sys-
tems are either pure discrete or discrete-continuous optimisation programs. For
simplicity, we will write these problems as minex K(z), where X’ is the set of fea-
sible solutions. Although these problems have simple formulations, they are very
troublesome if they are considered from the algorithmic point of view. From the
nature, they have a huge number of various local extrema. Their N P-hardness
essentially restricts the set of approaches which can be applied to solve the prob-
lem. In the literature, one can find exact algorithms, as well as a rich variety of
approximation methods: A lot of these procedures have been designed for special
cases, since particular properties of the problems usually allow us to improve the
numerical characteristics of an algorithm. It is more and more frequent to meet
a problem that has many exact and approximation algorithms developed. These
algorithms differ from each other by the computational complexity, accuracy,
speed of convergence, etc. Many of very recent approaches, not sensitive to local
extrema, refer to Nature, Artificial Inteligence (AI) and Machine Learning (ML).
Finally, just the user has to make a decision which — as the only one among these
algorithms — is the most suitable for industrial applications in order to support
manufacturing process. Basically this needs the decision whether we search for an
optimal solution (at high cost of the search, almost exponential dependending on
the problem size), or a sub-optimal solution of acceptable solution quality within a
reasonable time. Note, due to the possibility of performing parallel computations
some among the methods presented hereafter can be accelerated additionally.

2.3.1 Exact methods

The exact optimisation algorithms are based chiefly on the branch and bound
scheme (B&B) (see e.g. Applegate and Cook [10], Brucker et al. [30], Carlier
and Pinson [38]), mixed integer programming (MIP) and dynamic programming
(PD). While considerable progress has been made in B&B approach, practitioners
still find such algorithms unattractive or restrict their application to a very lim-
ited scope. The algorithms are time-consuming and the size of problems, which
can be solved within a reasonable time limit, is too small. Moreover, their im-
plementation requires a certain level of programmer’s sophistication. Similarly,
the size of MIP models is impractically large even for the problems of a small
size. These large MIP problems cannot be solved by means of standard methods
and software packages in a reasonable time. Although PD models are relatively
simple, advanced PD algorithms remain very time- and storage-consuming even
for the problem of small size. Therefore, one can say the cost of search for an
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optimal solution is still too high comparing with the profits obtained from its
application. On the other hand, application of these complex algorithms is fully
justified in repetitive manufacturing where minimal cycle time is sought for a
small number of products, see paper of McCormick et al. [195]. There, the
better solution accuracy multiplied by a great number of cycles provides profits
much higher than the cost of computations. Taking account of a broader con-
text, practitioners frequently are not interested in the optimal solution because
the data of the problem have some finite accuracy, sometimes they do not reflect
all really existed constraints, and very often are disturbed just after the optimal
solution has been found. One can regard the stated problems as superfluously
rigid. In this context, it is observed a tendency towards avoiding too complex ex-
act methods and replacing them by approximation algorithms, which are a quite
good alternative.

2.3.2 Approximation methods

Approximation methods provide a good solution in a quick time. These two
parameters have adverse trends, i.e. better solutions require a longer algorithm
time. Traditionally, approximation algorithms are classified as either constructive
or improvement method. The former algorithms allow us construct step-by-step
a solution or generate a solution. They are very fast, easily implementable, how-
ever the performance of generated solution is rather poor. The latter algorithms
improve a given solution. They need a slightly longer time to run, they are also
easily implementable, and the performance of provided solutions is very good or
even excellent. Most of these algorithms are developed and recommended for
narrow classes of problems. The ideal approximation algorithm should ensure a
compromise between the running time and the solution quality, and allow the
user to form this compromise in a flexible way.

Constructive algorithms

These algorithms are based chiefly on the following approaches: (a) static or
dynamic priority rules, (b) relaxation to simplest problems, (c) approximations
by other problems. Priority rules is one of the popular and commonly applied
technique, e.g. Baker [15], Hunsucker and Sah [149]. A constructive algorithm
generates either single solution or a fized a priori subset of solutions among which
the best one is selected. A hybrid combination of these two techniques generates
step-by-step a single solution, whereas at each step a partial solution is selected
among fixed a priori subset of partial solutions. Algorithms of this class can be
applied alone or in a group of competitive algorithms. They are also used as
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generators of an initial solution for local search algorithms. Due to combination
of several known heuristics by means of certain method of their parametrisation,
we can synthesise new algorithms for new problems, Wala and Gadek-Madeja
[325]. New interesting proposition is also offered by application of the so—called
space of heuristics, Storer et al. [312].

Curtailed B&B

By limiting computer resources (processor time, storage) employed in the classic
B&B algorithm one can obtain an approximation algorithm (CB) with some com-
promise between solution time and solution quality, see for example Kadluczka
and Wala [157]. This refers to the following constraints introduced a priori to
B&B method: (a) the depth of the tree is limited, (b) the number of immedi-
ate descendants of a node in the tree is limited (either a priori fixed or various,
depending on the level of a node), (c) the total number of nodes is limited, (d)
the total running time is limited, (d) fathomed are only nodes having the lower
bound value smaller than some threshold value (it is usually set as reduction by
€ the current upper bound value), (e) fathomed are only nodes having a measure
of usefulness below a threshold value. Although the reduction of the running
time is significant comparied it with B&B, CB algorithms continually reveal an
explosion of calculations for problems of a greater size.

Local search

Recently a significant attention has been paid to the approximation methods
based on various local search approach (LS), since they link to the same extent a
high running speed, simplicity of implementation and high accuracy of solutions.
Many recent papers have recommended this approach as the most promising for
very hard optimisation problems. More advanced LS methods are able to escape
from the local minimum, to search the global one. Usually, the implementation of
approximation algorithms is simple, however, some of them are quite nontrivial.

Descending search/Hill climbing

The descending search method (DS) is the oldest historically and one of the sim-
plest techniques used to improve a given solution z° € X °. The elementary step
of the method performs, for a given solution z*, a search through a subset of solu-
tions called the neighbourhood N'(z*) C X of z* to find a solution z*+! € N (z*)
with the lowest criterion value. If only in the neighbourhood A/(z*) there ex-
ists a solution with the criterion value less than K(z*), the search repeats from

5This method is close to hill climbing technique for maximisation problems.
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a new starting solution, from the best possible, and the process is repeated as
long as the goal function value decreases. The trajectory of the search z°,z1,...
roll monotonously down towards a local optimum. Clearly, this method ends the
‘activity there. By starting the algorithm several times from various (randomly
selected) initial solutions, one can eliminate in a very limited scope its suscepti-
bility to local minima. A mutation of this method, called descending search with
drift (DSD), accepts on the search trajectory also unvisited solutions with the

same criterion value, i.e. it can be K(z¥) = K(zF+1).

Random search

The random search method (RS) generates a trajectory of the search z°,z?,...

which goes up-and-down randomly through the set X. The new solution z*+!
in this trajectory is selected at random in the neighbourhood N(z*). Clearly,
this algorithm returns the best solution from the search trajectory. Although
this method is not sensitive to local optima, its convergence to a good solution
is generally poor. Some mutations of this method modify the distribution of
probability while selecting the neighbour to guide the search into an assumed in
advance region of the solution space.

Guided local search

Since random search does not provide algorithms with sufficiently good experi-
mental analysis, there have been proposed algorithms that guide the search (GLS)
using specific deterministic scenario proposed separately for each particular prob-
lem, see e.g. Adams et al. [3] Balas and Vazacopolous [20]. The search is guided
to some most promising regions of the solution space, whereby these regions were
selected a priori taking into account some special properties of the problem. In
the mentioned paper, these selected regions were searched using a curtailed B&B
method. Thus, the method GLS owns all characteristic elements of CB, as an
example, reveals the explosion of calculations if the size of the problem solved
exceeds certain threshold value. Despite quite sophisticated implementation of
this method, the results obtained for selected applications are quite good. Nev-
ertheless, this approach cannot be extended in an easy way to other problems.

Genetic search

Genetic search (GS) refers to Nature. It uses a subset of distributed solutions
P C X called population to lead the search in many areas of the solution space
simultaneously. Therefore GS not only avoids local minima but also reaches to
many regions of the solution space.
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Each solution z called individual is coded by a set of its attributes expressed
in genetic material (genes, chromosomes). Many techniques of such a coding
for various problems have been proposed and developed. The population is con-
trolled, in principle, by three processes: reproduction, crossing-over and mutation.
In reproduction phase, individuals are multiplied according to their adaptation
measure 6. This guarantees that individuals better adopted will have more de-
scendants in the next generation. Individuals chosen by selection from expanded
population provide the matting pool. Fro this pool we match couples of parents
which next provide the off-spring generation. Each member of this new genera-
tion is a new solution z’ obtained from the two parent solutions z and y using the
cross-over operators. Many such operators have been proposed and examined,
see for example the reviews of Wala and Chmiel [327, 329] or Vaessens et al.
[322]. The mutation phase is an insurance against the loss of valid attributes of
the good solutions and a slow mechanism of introducing innovative attributes. It
introduces sporadic, random (with a low probability) changes in genetic material.

It is clear that this method have many points of freedom. It needs at least:
the technique of coding the solution attributes in the chromosome(s), the form
of the adaptation function, the scheme of the matting pool selection, scheme of
matching parents, cross-over operators and scheme of mutations. Although many
of these elements have already been proposed and examined in case studies, their
suitable composition is considered as a key for the success of the algorithm, Wala
and Chmiel [328].

The major topic of recent research in genetic algorithms is focused on the
ability to control the population dynamics. More and more complex mechanisms
of the selection and cross-over operators are proposed. However, some failures
have been still observed in these algorithms, they are chiefly expressed by the
premature convergence to a local extremum or too poor convergence to a good
solution. While GS behaves well for small problems, it suffers from strong sub-
optimality for lager ones. This is proved that population dynamics is responsible
for the premature convergence. In order to improve the fitness of the population,
the best individuals are prefered in the reproduction if each generation, which
results in the continuous decrease of genotype diversity. This in order decreases
the possibility of finding better solutions by reproduction scheme, stops further
progress, and one must wait until mutation (after a huge number of generations)
introduces a significant change. Therefore, the main goal of a GS algorithm is to
adjust the selection as sharply as possible without destroying a genotype diversity.

The algorithm’s convergence can be controlled by matting strategies, struc-
turing populations and patterns of social behaviour. Goldberg [90] introduced

8The basic adaptation measure is the goal function value K(z) for the individual z.



24 Chapter 2. Optimisation and control in JIT systems

a new starting solution, from the best possible, and the process is repeated as
Jong as the goal function value decreases. The trajectory of the search z°,z?,...
roll monotonously down towards a local optimum. Clearly, this method ends the
activity there. By starting the algorithm several times from various (randomly
selected) initial solutions, one can eliminate in a very limited scope its suscepti-
bility to local minima. A mutation of this method, called descending search with
drift (DSD), accepts on the search trajectory also unvisited solutions with the

same criterion value, i.e. it can be K (z*) = K (z*+1).

Random search

The random search method (RS) generates a trajectory of the search z°,z!,...

which goes up-and-down randomly through the set X. The new solution z*+!
in this trajectory is selected at random in the neighbourhood N (z*). Clearly,
this algorithm returns the best solution from the search trajectory. Although
this method is not sensitive to local optima, its convergence to a good solution
is generally poor. Some mutations of this method modify the distribution of
probability while selecting the neighbour to guide the search into an assumed in
advance region of the solution space.

Guided local search

Since random search does not provide algorithms with sufficiently good experi-
mental analysis, there have been proposed algorithms that guide the search (GLS)
using specific deterministic scenario proposed separately for each particular prob-
lem, see e.g. Adams et al. [3] Balas and Vazacopolous [20]. The search is guided
to some most promising regions of the solution space, whereby these regions were
selected a priori taking into account some special properties of the problem. In
the mentioned paper, these selected regions were searched using a curtailed B&B
method. Thus, the method GLS owns all characteristic elements of CB, as an
example, reveals the explosion of calculations if the size of the problem solved
exceeds certain threshold value. Despite quite sophisticated implementation of
this method, the results obtained for selected applications are quite good. Nev-
ertheless, this approach cannot be extended in an easy way to other problems.

Genetic search

Genetic search (GS) refers to Nature. It uses a subset of distributed solutions
P C & called population to lead the search in many areas of the solution space
simultaneously. Therefore GS not only avoids local minima but also reaches to
many regions of the solution space.



2.3. Discrete optimisation methods 25

Each solution z called individual is coded by a set of its attributes expressed
in genetic material (genes, chromosomes). Many techniques of such a coding
for various problems have been proposed and developed. The population is con-
trolled, in principle, by three processes: reproduction, crossing-over and mutation.
In reproduction phase, individuals are multiplied according to their adaptation
measure 6. This guarantees that individuals better adopted will have more de-
scendants in the next generation. Individuals chosen by selection from expanded
population provide the matting pool. From this pool we match couples of parents
which next provide the off-spring generation. Each member of this new genera-
tion is a new solution z’ obtained from the two parent solutions z and y using the
cross-over operators. Many such operators have been proposed and examined,
see for example the reviews of Wala and Chmiel [327, 329] or Vaessens et al.
[322]. The mutation phase is an insurance against the loss of valid attributes of
the good solutions and a slow mechanism of introducing innovative attributes. It
introduces sporadic, random (with a low probability) changes in genetic material.

It is clear that this method have many points of freedom. It needs at least:
the technique of coding the solution attributes in the chromosome(s), the form
of the adaptation function, the scheme of the matting pool selection, scheme of
matching parents, cross-over operators and scheme of mutations. Although many
of these elements have already been proposed and examined in case studies, their
suitable composition is considered as a key for the success of the algorithm, Wala
and Chmiel [328].

The major topic of recent research in genetic algorithms is focused on the
ability to control the population dynamics. More and more complex mechanisms
of the selection and cross-over operators are proposed. However, some failures
have been still observed in these algorithms, they are chiefly expressed by the
premature convergence to a local extremum or too poor convergence to a good
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5The basic adaptation measure is the goal function value K (z) for the individual .
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a sharing function in fitting individuals (in mate selection) to prevent too close
genotype similarity. More direct approaches of incest prevention uses the ham-
ming distance as a measure of similarity between genotypes, see survey of Davidor
[54]. Another approach controls mate selection by a dynamic threshold, Eshelman
and Schafer [68]. Further results are derived from structuring the entire popula-
tion. This can be reached either by splitting up population into islands (migration
model) or by introducing overlapping neighbourhoods which cover the population
in its entirety (diffusion model), see papers of Miihlenbein and Gorges-Schleuter
[210], Davidor [54], or Gorges-Schleuter [94]. Both models restrict immediate
data flows between individuals to local area of the population and thus introduce
nature-like features of ecological niches to preserve a genotype diversity. The ap-
proach based on social behaviour assigns a pattern of attitude to each individual,
e.g. pleased, satisfied or disappointed, see Mattfield et al. [197]. The assigned
pattern depends, among other, on the goal function value found for this indi-
vidual. The evaluation of the actual behaviour may change the attitude in the
future, so individuals can react differently in the same environmental situation.
Each behavioural pattern results in a readiness to go into cross-over, mutation,
or sleeping (to avoid replacement by offspring).

Up to now, GS algorithms have been applied to several types of problems with
various degrees of success. Because of too many control parameters each good
implementation of GS requires a huge number of computational experiments.
Nevertheless, good results obtained for some applications made allow us to con-
sider GS as one of promising tools for solving hard combinatorial optimisation
problems.

Simulated annealing

This local search method (SA) proposed originally by Kirkpatrick et al. [166] uses
an analogy to a thermodynamic cooling process to avoid local minima and escape
from them. States of a solid are viewed as being analogous to solutions, whereas
the energy of the solid — analogous to an objective function. During the physical
annealing process the temperature is reduced slowly in order to come, at each
temperature, to the equilibrium of energy when entropy is maximum. Then,
the search trajectory is guided through the set X in a “statistically suitable”
direction.

SA generates a trajectory of the search z°,z!,... which goes up—and—down -
through the set X. The new solution z**! in this trajectory is selected among
those from the neighbourhood N (z*) using specific scenario. First, a perturbed
solution z', i.e. z' € N(z¥), is chosen in an ordered way or randomly, assum-
ing usually uniform distribution of probability. This solution can provide either

1
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K(z') < K(2*) or K(2') > K(z*). In the former case, z’ is accepted immedi-
ately as the new solution for the next iteration, i.e. z¥*! = z’. In the latter
case z' is accepted as the new solution with probability min{l,e‘A/ T:}) where
A = K(z') — K(z*) and T; is a parameter called temperature at iteration i 7. If
z' has not been accepted (neither by the former nor by the latter condition), we
finally set z%+! = z*. The temperature is changed along iterations using cooling
scheme. A number of iterations, say m, is performed at a fixed temperature.
Although the cooling should be carried out very slowly, most of the authors con-
sider the change of the temperature at every iteration (m = 1). Two schemes
of the temperature modification are commonly used: geometric T;4; = AT, and
logarithmic T34 = T5/(1 + AiT3), ¢ = 0,..., N — 1, where N is the total number
of iterations, A; is a parameter, and Ty is an initial temperature. Clearly, it has
to be Ty < Tp and T is close to zero.

The SA method has many control parameters that have to be chosen ex-
perimentally. The parameter ); is often set as a constant. Assuming known
(estimated) values of Ty, Ty and N, one can propose the value of parameter A;,
as an example \; = (Typ — Tn)/(NToTw) for the logarithmic scheme, Osman and
Potts [237]. Aarts and van Laarhooven [1] make also several suggestions about
the choice of 20, T, A;, m and the stopping criterion. They propose to select z° at
random that helps in randomising the search and removing solution dependence
on z°. The initial temperature is set to be 10 times the maximum value A be-
tween any two succesive perturbed solutions when both are accepted. In practice,
starting from z°, some number k of succesive trial solutions z°, z, ..., z*~1 is gen-
erated, accepted and the value Ayax = max;<ick K(z'+!) — K(z') is inspected.
Then, we set To = —Aqz/In(p), where p =~ 0.9. The following method of finding
A; has been proposed in [1] for the logarithmic cooling scheme A; = In(1+6)/(30;),
where § is parameter of closeness to the equilibrium (0.1 — 10.0) and o; is the
standard deviation of K(z) for all z generated at the temperature T;. The value
m is dependent on the nature of random perturbation applied and is set equal
the number (or its fraction) of different solutions that can be reached from the
given one by introducing a single perturbation. The algorithm can be terminated
by limiting the running time, number of iterations, when the temperature is close
to zero, or the derivate of the smoothed average value of K(z) at T; is less that
the given parameter ¢, see also Das et al. [53].

The cooling scheme strongly influences the performance of this procedure.
If the cooling is too rapid, SA tends to behave like DSD method and usually
becomes trapped in a local optimum of poor quality. If the cooling is too slow,
the running time becomes unacceptablely long. In practice the proper selection

"In practice =’ is accepted if for a chosen random value R[0, 1] inequality R < e~2/Ti holds.
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of all control parametrs requires a huge number of computer tests.

Several various modifications of this basic scheme have been considered to
improve numerical characteristics of this algorithm. First, by choosing at each
iteration the sample M* C N (z*) of perturbed solutions of cardinality m or at
most m. All these solutions are ordered according to the criteria value. If there
exists, among MF, the solution 2’ such that K(z') < K(zF), this solution is
chosen as the current one for the next iteration. If not, the first solution from M*
is accepted with the probability min{1,e~2/T}. Otherwise, the current solution
remains, i.e. zFt! = z*. Second, by modifying the probability of acceptance of
the perturbed solution, i.e. e=2/Ti /(1 4 e~A/Ti), to give uniform probability of
acceptation downhill (A < 0) and uphill (A > 0) solutions, Glauber [81]. The
third modification changes the basic scheme of cooling by introducing periodical
rise of the temperature to its initial value Tp.

It has been proved that some assumptions allow SA to converge with proba-
bility one to a global optimum, Aarts and van Laarhoven, [1]. Detailed analyses
have also been carried out for the asymptotic convergence and the rate of conver-
gence. Since some among these assumptions cannot be implemented in computer
programs, the results obtained have more theoretical than practical meaning. Up
to now, SA has been applied to several types of problems with various degrees
of success. Nevertheless, good results obtained for some applications made al-
low us to consider SA as one of powerful tools for solving hard combinatorial
optimisation problems.

Simulated jumping

This novel approach (SJ) uses also thermodynamic analogy to control the search
and escape from local minima, Amin [8]. The so—called jumping process bases on
rapid cooling and heating of a solid applied alternatively, that results in perma-
nent shaking of the system state. The process of heating and cooling is continued
until a desired low—energy state of the system is reached. The shaking of the
system not only allows us to get access to many regions of the solution space but
it also prevents the algorithm from getting stuck in local minimum and increases
the probability of reaching the global minimum.

In practice, SJ introduces an additional heating scheme to SA. Heating is
applied when the perturbed solution 2’ has not been accepted, i.e. when we
have to set z5*! = z*. It can take, for example, the form Tivi =T; +To*7/i,
where 7 is the random number between [0.0,0.15]. Clearly, SJ has much more
elements which have to be chosen experimentally in order to provide algorithm,
with a good numerical characteristics. The reported applications of SJ to TSP
and QAP problems have shown that its performance is very encouraging, but the
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speed of convergence significantly depends on the input parameters.

Geometric search

This approach (GES) follows from the research of Belov and Stolin [22], Sev-
ast’yanov [283] and Fiala [69] concearning some scheduling problems. It provides
many approximation schemes with good performance, but unfortunately with too
high computational complexity, see also works of Shmoys et al. [285]. Basically
it refers to some geometric interpretation of a solution and geometry properties.
The most common scheme of these algorithms can be summarised by the follow-
ing steps: (1) find an obvious solution z not necessarily feasible, i.e. it need to be
z € X, (2) perturb this solution by introducing random (chosen in a reasonable
way) values of components of z, to obtain z’ not necessarily feasible, (3) transform
z' into a feasible solution z” € X" using special “spreading” approach. Although
GES approach provides algorithms with poor experimental performance, it si-
multaneously allows one to evaluate analytically their performance. It is a pity
that competitive performance is being obtained due to the high computational
complexity, see conclusions by Nowicki and Smutnicki [226].

Tabu search

Tabu search (TS) is a method proposed by Glover [84, 85]. The basic version of
TS starts from an initial solution z° € X’ 8. The elementary step of the method
performs, for a given solution z*, a search through the neighbourhood N(z*) of
z*. The neighbourhood AN (z¥) is defined by moves (transitions) performed from
2% °. The aim of this elementary search is to find in M(z*) a solution z*+!
with the lowest cost measured in terms of K(z) or other evaluation functions.
Then the search repeats from the best found, as a new starting solution, and the
process is continued, yielding the search trajectory z°,z!,... A solution z from
the search trajectory with the lowest value K(z) is the algorithm’s outcome. In
order to avoid cycling, becoming trapped to a local optimum, and more general
to conduct the search in “good regions” of the solution space, a memory of the
search history is introduced. Among many classes of the memory introduced for
tabu search [84], the most frequently used is the short term memory, called the
tabu list. This list recorded, for a chosen span of time, solutions from the search
trajectory, solutions, selected attributes of these solutions, or moves leading to
these solutions, all of them treated as a form of prohibition of the future search.
A move having prohibited attributes is forbidden (i.e. the solution should be

8Some advanced variants of TS can start from an unfeasible solution.
2 A move transforms a solution into another solution.
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skipped in the search), however this move can be performed only if an aspiration
function evaluates it as sufficiently profitable. The search stops when a given
number of iterations without improving K (z) has been reached, the algorithm
has performed a given number of iterations, time has run out, and/or a solution
with satisfying quality has been found. The connectivity property that ensures
possibility of finding an optimal solution can be proved for selected problems and
neighbourhoods. It states that for any starting solution z°, there exist a search
trajectory z°,21,...,2", such that z*¥*! € A(z*) and z” is the optimal solution.
Note that this property does not provide the assurance of performing desired
trajectory and discovering the required solution. The connectivity property is
also analysed for SA and SJ methods.

Adaptive memory search

The adaptive memory search (AMS) notion is used to define advanced TS schemes
which goes beyond subset of components and tools enumerated for TS. It has been
verified that a search is successful if an appropriate balance between intensifica-
tion and diversification is ensured. Thus, AMS emobdies a broader framework
by means of more sophisticated memory techniques as, for example, long-term
memory, frequency and recency based memory, hashing tabu, focuses on exploit-
ing a collection of such strategic components as, for example, strategic oscillation,
candidate list strateqy, path relinking, and adaptive behaviour with learning as,
for example, reactive tabu, see the papers of Glover and Laguna [86], Battiti and
Tecchioli [21], Woodruff and Zemel [338]. More detailed discussion of AMS tech-
niques one can find in paper of Glover [88]. Although simplified TS approaches
are sometimes surprisingly successful, AMS methods are proved to be often con-
siderably more effective than TS.

Ant search

This very recent method of optimisation (AS) refers to the “inteligent” behaviour
of a colony of cooperative agents represented by the ant community, Dorigo et
al. [62]. Although this method is recommended for stochastic combinatorial
optimization, there are known its applications to classic discrete problems such
as travelling salesman, quadratic assignment or job shop. The search activities
are distributed over agents with very simple basic capabilities which, to some
extent, mimic the behaviour of real ants. This method is inspired by the role of
pheromone trails discovered in searching by ants the routes path from their colony
to feeding sources and back. While an isolated ant moves essentially at random,
an ant meeting the pheromone trail follows it with probability proportional to the
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pheromone intensity. Each ant marks the trail by its own pheromone, thus multi-
plying the trail intensity, however simultaneously the pheromone evaporates from
the trail to prevent explosion of the process. Assuming available tracks (based
upon problem stated), certain model of an ant behaviour 1°, primal distribution
of ants over limited area and primal intensity of pheromone trails, we can start the
simulation of the search-process with discrete time events. If only the stagnation
of the search has not been observed, algorithm tends towards good solutions.

The results obtained are encouraging, however up to now they are not com-
petitive to SA or TS method taking into account both the running time and
quality of generated solutions.

Scatter search

Scatter search (SS) is designed to operate on a set of points called reference points,
that constitute good solutions obtained from previous calculations, Glover [87].
This method systematically generates linear combination of the reference points
to create new points, each of which is mapped on an associated solution. Solutions
that result from the linear combination of the chosen reference points are allowed
in turn to serve as inputs to accompanying heuristic process. The heuristic pro-
cedures then transform these inputs into improved outcomes, thereby bringing
the full circle of approach. These outcomes provide a new set of reference points,
and the process starts again. By this approach, linear combinations produced
at each stage are dispersed across a region of the solution space whose form is
‘biased by the distribution of reference points.

Similarities between this approach and basic GS technique are immediately
evident. SS and GS are “population based” procedures, which start with some
collection of solutions and evolve‘progressively these elements to yield new ones.
They also assume that new solutions are generated as a combination of existed
ones. Besides these similarities, there is certain contrast between both methods.
GS produces offspring generation by random selection of parents and by setting
random points of chromosome crossing—over, hence realised more democratic pol-
icy allowing solutions of all types to be combined. In the same time, SS focus
on choosing good solutions as a basis for generating combinations without losing
the ability to produce diverse solutions. Also, different mechanisms are used by
these approaches to obtain the combined solutions.

1°Ant has some short term memory and can see. Thus, moves can be performed as an
elementary step towards some preferable directions.
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Path search

This method (PS) performs the local search using specific scenario, Werner [334].
A number of search trajectories called search paths are generated from a given
starting solution. A trajectory z°,...,zF contains solutions such that zF+! =
min, e yry+) £(2), where & (z*) is a neighbourhood, and F(z) some evaluation
function, e.g. F(z) = K(z). The trajectory is abandoned if the number (given
a priori) of recently generated solutions on this trajectory does not improve the
solution which currently is the best. Just after a non-perspective search trajectory
has been abandoned, a new search trajectory is started from a selected (unvisited)
solution among search trajectories already generated. This approach has some
similarities to simulated annealing as well as to the tabu search technique.

Chunking

This is not not an antonomous search method but an auxiliary tool in suport-
ing the power of other search methods. Chunking (C) means the grouping of
basic information units to create the higher-level units, and is considered as a
critical aspect of human intelligence, Woodruff [339]. People faced with a hard
problem to solve often proceed by linking integrated features they perceive as
related and transfer them into solution process. They organize problem data
and solving methods in hierachical fashion, which allows one to decompose the
problem into sub-problems to solve it. When the problem cannot be decomposed
or the decomposition method is unknown, then the common strategy is to group
solution attributes to reduce the search space that can lead to discovering and
exploiting higher-level relationships. Chunks being problem specific can be ei-
ther pre-defined by the human problem solver or discovered as a by-product of
the search. Chunking is related to Machine Learning and can be applied in many
local search methods, i.e. GS, SA, SJ, TS, AMS, etc.

Constraint satisfaction

The optimisation problem has been replaced by a constraint satisfaction problem
(CSP), see e.g. application in paper of Cheng and Smith [47]. Generally speaking
this method operates on decision variables V 1, domains D for these variables,
and constraints C on two or more variables from V. The basic step of this method
is to construct in an .ordered way solutions through depth—first extension of a cur-
rent partial solution. Each such an extension defines a new CSP having modified
D and C. The new form of D is obtained by propagating the constraints C. Steps

! For example (z, K(z)) in the considered case.
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are repeated when the inconsistency in CSP is detected. Then, the search is
backtracked from this state, and the process is continued. Specific CSP algo-
rithms vary in the type of level of consistency reinforcement that is employed,
in the mechanisms incorporated from recovering from inconsistent search states
(e.g. backjumping, dependency-directed backtracking, dynamic backtracking), and
in the heuristics utilised for ordering solutions while processing depth—first ex-
tension. This method has some similarities to B&B or curtailed B&B method,
thus reveals equally positive and negative effects of these two approaches.

Neural networks

Although neural networks (NN) is a domain developing dynamically, applications
of this technique to scheduling problems are still at an initial stage. Based on the
deterministic, analogue neural network model of Hopfield and Tank [145] with a
symmetric interconnections and quadratic energy function, there is developed in
[72, 73] a solution approach to classic job-shop problem. Next, Zhou [343] pro-
posed another significantly simplest network with a single neurone per operation,
linear number of interconnections and linear energy function. It has been shown
that the latter method is superior both in the terms of solution quality and net-
work complexity. Nevertheless, besides poor simulation studies on a few selected
instances up to 400 operations, there are no complete comparative studies on
standard benchmarks, which would be helpful in a final performance evaluation
of this approach. On the other hand, some recent studies criticise serious short-
comings of Hopfield’s nets used for combinatorial optimisation, as an example
of inability of finding global minimum and poor scaling properties. Other short-
comings detected, for example, for neural model of TSP cause inability of finding
even a feasible solution of the optimisation problem.

2.3.3 Performance of algorithms

Approximation algorithms are usually ranked according to the running time (or
computational complexity) and the distance from a generated solution to the
optimal solution (an algorithm performance). Several measures of the algorithm
performance have been introduced, Blazewicz [25]. These measures can be inves-
tigated either experimentally or analytically (worst-case analysis, probabilistic
analysis). Experimental analysis being most popular and easy to perform is how-
ever a subjective method of evaluation of an algorithm performance since the
results depend on a chosen sample of instances. Alternatively, the worst-case
and/or probabilistic analyses yield an objective, instance independent evaluation
of an algorithm performance. One can say that these analyses provide another,
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supplementary, sometimes more suitable, evaluation of the algorithm behaviour.
These analyses together with the computational complexity analysis and experi-
mental analysis of the algorithm performance constitute the complete numerical
characteristics of an algorithm.

Worst-case analysis

The set of data specifies an instance Z of the problem. Denote by A'(Z) the
set of all solutions of this instance, by K(z;Z2) the value of a criterion K for
the solution z and instance Z. The solution z* € X(Z) such that K(z*;Z) =
min,ey(z) K (2; Z) is called the optimal solution for this instance. ‘Let z4 € X(2)
denote a solution generated by an algorithm A. The worst-case performance ra-
tio of the algorithm A with the criterion K is defined as n4(K) = min{y :
K(z4;Z)/K(2*; Z) < y for each instance Z }. The asymptotic worst-case perfor-
mance ratiois 12 (K) = min{y : K(24; Z)/K(z*; Z) < y for each instance Z such
that K(z*; Z) > L, where L is a number }. Clearly, it has to be n4(K) > n4(K).
The guarantee of solutions quality can be ensured also using the so—called ap-
proximation schemes. Algorithm A is an approzimation scheme if for the given
Z and € > 0 provides solution z4 such that K(z4;Z) <1+ e A is polynomial
approzimation scheme if for any fixed ¢ A has a polynomial computational com-
plexity. If additionally this complexity is a polynom of 1/¢, A is called a fully
polynomial approzimation scheme. In the sequel, the argument Z will be omitted
in K(z*;Z) and K(z#;Z) if it is not necessary.

Probabilistic analysis

- In this analysis it is assumed that Z is a realisation of n independent random
variables with known (usually uniform) distribution of probability. We denote
this fact using symbol Z,. Hence, both K(z*;Z,) and K(z4;Z,) are random
variables. Let M4(K;Z,) be the value of the performance measure M of an
algorithm A for the criterion K found in the instance Z,, e.g. M4(K;Z,) =
K(z4;Z,) — K(2*;Z,). Clearly, MA(K;Z,) is also a random variable. The
probabilistic analyses provide primarily information about behaviour of random
variable M4(K; Z,), e.g. its distribution of probability, the mean value, vari-
ance, etc. However, the most interesting are characteristics associated with the
type of convergence of M4(K;Z,) to a constant m with increasing n. They
are distinguished as follows: (a) almost sure convergence to a constant m, if .
Prob{lim, ., MA(K;Z,) = m} = 1, (b) convergence in probability, when
limpco Prob{|M4(K;Z,)—m| > €} = 0 holds for any € > 0, (c) conver-
gence in ezpectation, if limn_co |Mean(M4(K;Z,)) — m|} = 0. Convergence
(a) implies (b), but (b) implies (a) only if for any € > 0 the following condition
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holds Y52, Prob{|M4(K;Z,) — m| > €} < oco. Similarly, (c) implies (b), but
(b) implies (c) only under the above additional condition holds. The best is the
algorithm having the measure almost sure convergent to zero. Beside the type of
convergence there can be also analysed the speed of convergence.

Although probabilistic analysis provides interesting characteristics of an al-
gorithm behaviour, it is usually highly complicated. Up to now there are only
few basic results, moreover with too simplified assumption about distribution of
data.

Experimental analysis

This is the most popular method of analysis despite its imperfections. It consists
inxperimental evaluation of algorithm behaviour (performance measures, running
time) on the base of limited sample of instances from Z. The sample can be
either fixed (common benchmarks instances) or selected at random. Because of
NP-hardness of the considered problems, the performance measures used refers
more often to reference solutions instead of optimal ones. As the reference value
one can get: (a) a lower bound of the optimal goal function value, (b) the optimal
goal function value, even when it needs to run an algorithm with an exponential
computational complexity, (c) a sub-optimal solution obtained by limited run of
an exact method, e.g. curtailed B&B, (d) the sub-optimal solution obtained by
application of other approximation algorithms, (e) random solution.



Chapter 3

Delivery performance using

R/Q models

In this chapter we discuss these JIT environment requirements which can be
modelled using conventional notions of scheduling problems such as ready times,
due dates, delivery times !, set-up times, etc. and next solved by means of
conventional tools of ST. The proposed approach will be exemplified by a problem,
having immediate application in JIT systems as well as in some conventional
manufacturing systems.

3.1 Cell work-loading/scheduling

Consider a production cell having m machines, and let M = {1,...,m} be the
set of these machines. The set of n parts N = {1,2,...,n} has to be processed by
this cell. Each part j € N requires a single machine for processing, posseses the
processing time p;; > 0 on machine ¢ € M and has the delivery interval [a;, b;]
within which this part has to be completed in the ideal case. Each part can be
performed on any machine from M. Once started, a part cannot be interrupted.
Each machine can execute at most one part at a time, each part can be processed
on at most one machine at a time. A feasible schedule is defined by a couple of
vectors (5,T), S = (S1,..-,80), T = (t1,...,tn), such that the above constraints
are satisfied, where part j is started on machine ¢; € M at time S; > 0 and is
completed at time C; = §; + py,j-

The deviation from on time part supply can be measured in several ways 2, see
also the survey of Baker and Scudder [18]. To show links of the problem stated

!Due to these notions, we call the approach in a little informal way with the use of R/Q
models.
2This subject is discussed in detail in Section 4.1.
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with R/Q models from ST, we use in this section a measure based on maximum
deviation from delivery interval, namely

maxfa; — Cj, C; — b* (3.1)

where [zy,%2,.. ]t = max{0,zy,23,-..}. Clearly, we wish to find the schedule
that minimises (3.1). Note, if @; = b; then the measure (3.1) can simply be
written as maxjen [C;j — b;|- An alternative (equivalent) representation of (3.1)
is to reach an ideal delivery date d; = (a; + b;)/2 with an admissible deviatiom
around this date A; = (b; — @;)/2.

To determine machines workload, set N has to be partitioned into m subsets
N; € N, each of which is associated with suitable machine i € M, and let
m; = |Njl, @ € M. The processing order of parts from N; is prescribed by a
permutation 7; = (w(1),. - ., m(m;)) € P(N;), where m;(j) denotes the element of
N; which is im pesition j im m;, and P(N;) is the set of all permutations on the
sett N;. The overall processimg order is defined by m-tuple m = (my, - - - , Tm)- All
such processing orders create the set:

M = {m: (m; € P(N), i € M), (N, i € M) is a partition of N)}.  (3.2)

Each m generaties a feasible schedule (5,7) im the following mammer: set
trii) = & J = LyuuuyMiy @ € M, and find starting times 5 = (Sy,---,5) by
sollvimg the optimisation problem

L) max [a; — Cj,C; — b;[* (3.3)

= mim
SES(m) sEN
wiith the sett S(r) introduced by comstraints
Crii) < Smwnyr J=Lyevymy— 1, @ € M. (34)

Nowy, we can rephrese origimallly stated problem zs that of findimg x € 1 that; mmin-
immises (3.3) under comstraimts (3.4). The problem (3.3)(3.4) can be decomposed
imto m independent; simgle-mmadhine sub-problems

Lm) = Ly If(my) (3-5)
wihene '
mi) = mim  mae fa; — Cj, G — byl (3.6)

amdl S(m;) iis givem by (3.4) flor fioxed 7. Moreower, we cam make wse of the folllowing
pepety.
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Property 3.1. Problem (3.6) is equivalent to the problem of scheduling jobs
from the set A; on a single machine, with job heads (ready times) r; = a; — pij,
tails (delivery times) ¢; = K — b;, where K = max;ea bj, and the makespan
criterion max;en;(C; + ¢;). O

Proof. Without losing generality we can set m = 1. Thus, ¢ = 1 (for
simplicity in notation we skip index ¢ in all appropriate notions) and N; = N.
The proof will be made for natural 7 = (1,...,n). We also refer to the well-
known formulae giving the makespan value for the single-machine problem with
heads and tails and the makespan criterion, see e.g. Grabowski et al. [108], which
takes in our case the following form

1
Crnax(T) = Jax (re+ S_Z%ps + @) (3.7)

Since for every pair 1 < k <1< n and every S € §(«), we have

max [a; — Cj,Cj — b;]* > max{[ar — Ci]*, [C1 — bi] "}

JEN
il 1 L
> olok = Ci+ Cr=bi]* > S+ ) _ps+ @ — K, (3.8)
s=k
then (3.8) provides a lower bound on L(7)
L(x) > 3[Cunns() - KI* * LB(). (3.9)

Applying the recursive formulae given below, one can obtain a schedule reaching
this bound

Sj = max{Sj_1 + pj-1,a; —pj — LB(7)}, i =1,...,m, (3-10)

where Sp 4 po = —oo. Indeed, for the values S; found by (3.10) we immediately
have

aj — Cj = a; — max{S;_1 + pj-1,a; — p; — LB(x)} < LB(x), (3.11)

and this holds for any j € M. Next, we will show that also C; — b; < LB(w) for
any j € N. For each fixed j, let k be the job such that k£ < j, Cx—1 < Sk, and
Cs—1 = Ss for s = k+1,...,j. From (3.10) it has to be St = ax — px — LB(r).
Since Cj = S + Y°1_, ps, then employing (3.9), we have

Jj J
Cj"bj:Sk‘FZPs_ j:ak—pk—LB(W)-}-Zps—bj

s=k s=k
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J
= ¥ Zps 4+ ¢j — K — LB(7) € Cpaz(r)— K — LB(7) < LB(r) (3.12)
s=k
From (3.11) and (3.12) we obtain

L(r) = maxla; - C;,C; - bj]* < LB(x) (3.13)
J

that yields the property required for the schedule found by (3.10) and completes
the proof. =

The problem stated in Property 3.1 is denoted as 1|7}, ¢;|Cmax using Graham
et al. notation [117]. Property 3.1 also allows us to reformulate the original
problem (3.3)-(3.4) in terms of scheduling problems.

Property 3.2. The problem (3.3)—(3.4) is equivalent to a problem of schedul-
ing jobs from the set A/ on m parallel non-uniform, unrelated * machines, with
machine-dependent job heads r;; = a;—pi;, machine-independent tails ¢; = K —b;
and the makespan criterion. O

Proof of this fact is obvious, therefore will be skipped. This new problem can
be denoted as R|r;j,qj|Cmax by using denotation from [117]. Finally, we can re-
formulate the problem originally stated as that of finding = € II which minimises
the makespan Cpax(7) in the reformulated problem, see Property 3.2. Hereafter,
we will analyse problem stated only in the form provided by this Property. If all
machines in the cell are identical, i.e. p;; = p;, this problem becomes equivalent
to the known from the literature problem of scheduling jobs on parallel identical
machines with heads, tails, and the makespan criterion (P|7;, ¢;|Cmax)-

It is also convenient in the analysis to use a simple graph representation of
a fixed job processing order , see Fig. 3.1. It takes the form G(r) = (M U
{o0,%}, AU A(7)), with the set of nodes N extended by two auxiliary nodes o
(start) and * (end), and the set of arcs A = U;cpr{(0,5), (4, %)} and A(r) =
Usem U;’;’l'l (mi(4),mi(j+1))}. Each arc (o, m;(j)) € A has weight r;,,(;), whereas
each arc ((m:(5),*) € A has weight gr,(;). Each node 7;(j) € N has weight pir,(;).
Nodes o and * have weight zero. The makespan Cpax(7) equals the length of the
longest path in this graph. It is easy to verify that, by using formula (3.7), this
makespan can be expressed

!
Crnax(T) = v 15?5%)5(7“(7‘”:'(’“) + kaiﬂ(j) + 4m(1))- (3.14)
J:

3These are machines where p;; is defined individually for jobs and machines.
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Figure 3.1: The graph structure for the fixed job processing order.

Table 3.1: The computational complexity C' and worst-case performance ratio 7 of an
algorithm A (developed in B) for the single-machine problem with ready times, delivery
times to minimise the makespan.

A B C nA

S [281] O(nlogn) 2

P [250] O(n?logn) 3/2
HS [132] O(n?logn) 4/3
NS [229] O(nlogn) 3/2

This formula on Cpax(7) is convenient to develop some further properties. De-
spite complexity of (3.14), due to the problem decomposition and graph repre-
sentation, the makespan for the given 7 can be simply found in a time O(n).

3.2 Solution methods

Only few special cases of the problem (3.3)—(3.4) were considered in the lit-
erature. The first one refers to single-machine problem with a; = b;, j € N,
Garey et al. [78], called also the problem with mazimum discrepancy cost. This
problem can be solved in a time O(n). Unfortunately, the key condition nec-
essary to extend further on this approach does not hold for the problem (3.6).
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The second case refers to the single-machine problem with min-max cost, Sidney
[286], which however needs a strongly restrictive assumption “if (a; —p; < a; —p;)
then (b; < b;), for any ¢ and j”. Hence, suitable solution methods are sought,
by Properties 3.1-3.2, among methods for problems with heads, tails and the
makespan criterion.

Already the single-machine version of this problem (1|r;, ¢;|Cmax) is NP-hard,
Lenstra et al. [192], although there exist polynomial algorithms for some of its
special cases, Lenstra [322]. The problem 1|r;, ¢;|Cmax has received a considerable
attention in past twenty years due to many applications found, among others, in
scheduling jobs on critical machine, Lenstra [322], in approximation algorithms
for job-shop problem, Adams et al. [3], lower bounds for the flow-shop, job-shop
and other more general shop problems, see e.g. Bratley et al. [29], Carlier and
Pinson [38], Brucker [30], Grabowski et al. [108]. Results of the computer tests
show that instances of medium size (up to 1,000 parts) can be solved optimal in
a reasonable time by an algorithm of Carlier, [36], which is currently the best
one among the known exact algorithms for this problem, see already cited papers
[36, 108] and these of Baker and Su [19], MacMahon and Florian [196]. There
are proposed, as alternative solution methods, several approximation algorithms,
Schrage [281], Potts [250], Hall and Shmoys [132], Nowicki and Smutnicki [229],
see Table 3.1. Algorithm S is also known as an extended Jackson rule [154].
Its implementation in O(nlogn) time is given by Carlier [36], whereas the worst
case evaluation derives from Kise et al. [167]. There are also proposed, by Hall
and Shmoys [132], two approximation schemes for this problem which however,
because of great computational complexity, have theoretical rather than practical
meaning.

The preemptive version of the single-machine problem is polynomially solv-
able, Lawler [186], in a time O(nlogn), Carlier [36]. It provides the best lower
bound for the single-machine non-preemptive case, Nowicki and Smutnicki [216].

The multi-machine preemptive case with parallel identical machines (denoted
as P|r;j, q;,pmitn|Cmax) can be approximated with the absolute error € in a pseu-
dopolynomial time O(n®(logn + log(1/€) + 10g Pmaz)) by using maximum flow
problem in a dedicated network, see for details Labetoulle et al. [181], Goldberg
and Tarjan [91], Blazewicz et al. [26], Brucker [31]. (There are also solved appro-
priate versions of the preemptive problem with uniform and unrelated machines.)
It provides the best lower bound for the multiple uniform machine non-preemptive
case among those from Carlier [37], Vandervelde [324], Hogeveen [143], Carlier
and Pinson [39]. However, such a high computational complexity of this method
limits its too intensive use in an enumerative process. Thus, there is proposed
very recently by Carlier and Pinson [39] an O(nlogn + nmlogm) algorithm for
finding the so-called Jackson’s pseudo-preemptive schedule that provides a tight
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(competitive) lower bound for the multi-machine preemptive problem with uni-
form machines. These bounds can be used in evaluation of algorithm’s quality as
well as in B&B schemes.

Problems with zero heads and tails constitute a special category of the related
problems. Generally, they cannot be applied in our case (excluding some very
special cases), however they can provide valuable insights into construction of
heuristic solution methods. The basic result refers to the use of the List Schedule
(LS) algorithm with an arbitrary selected list, designed for problem with parallel
identical machines and the makespan criterion. This algorithm has the compu-
tational complexity O(n) and the worst-case performance ratio 2 — 1/m. By
using in this algorithm the list prepared by means of LPT (Longest Processing
Time) priority rule, we obtain a method with the worst-case performance ratio
4/3 — 1/3m and the computational complexity O(nlogn), Graham [116]. To
solve more general problems with related parallel machines we can apply either
generalised LS + LPT algorithm or M F' (Multifit) method. LS + LPT assigns a
job from the LPT list to the free machine with the highest speed, and provides
solution with the worst-case performance ratio 2—2/(m+1), Gonzales et al. [95].
Algorithm M F is based on the First Fit Decreasing (F'FT) algorithm of the bin-
packing problem, and requires an initial evaluation of the “expected” makespan,
Kunde and Steppad [176]. MF assigns jobs from the list ordered accordingly
to SPT (Shortest Processing Time) rule using FFD method to the first free
machine as long as the "expected” makespan is exceeded. Starting with lower
and upper evaluation of the “expected” makespan and using binary separation
method, we can tend towards quite good solution. Some methods of choosing
primal evaluations of the makespan value have been recommended. The worst-
case performance ratio is bounded by the value 1.4 (1.2 for the case of identical
machines). The problem with unrelated machines and the makespan criterion
has been considered rarely. The most significant obstacle, detected in the re-
search, is associated with an unknown a priori (or hardly predictable) influence
of a decision made by a scheduling algorithm on the final goal function value,
see e.g. a discussion of this subject for a more general problem by Nowicki and
Smutnicki [227]. For the problem with a single cell having unrelated machines,
zero heads and tails, and the makespan criterion, there is commonly proposed
the LS algorithm with a rule of preparing the initial list (as an example LPT)
and the rule ECT (Earliest Completion Time) for scheduling. ECT assigns a job
at a time moment ¢ to that machine which provides the minimal completion time
of this job. The algorithm LS with arbitrary list and ECT has the worst-case
performance ratio m. Another more sophisticated approach LP/ECT based on
ECT and Linear Programming (LP), see Potts [251], provides an algorithm with
the worst-case performance ratio 2 + [log(m — 1)].
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3.2.1 Approximation algorithms

In this section, we discuss some approximation algorithms formulated for the
problem stated. The wide spectrum of the possible solution methods as well as
its numerical characteristics have been presented. Although the provided variety
does not exhaust all possible solution approaches, it pointed out these important
features of the problem which are crucial for the algorithm construction.

List schedules

Certain basic method can be recommended for the case of uniform machines.
The proposed list schedule (LS + MW R) is based on the Most Work Remaining
priority dispatching rule, the same as in algorithm .S. To build it, we schedule,
at each moment ¢ where at least one machine and at least one job is available,
the available job with maximal tail on available machine. Then we update ¢ and
iterate until all jobs are scheduled. Using heap structure * to represent a static
priority queue, this schedule can be found in a time O(nlogn).

Although these procedures were designed for the case of uniform parallel ma-
chines only, one can adopt it also for our needs. To this aim, first we construct
an auxiliary problem with identical parallel machines, machine-independent pro-
cessing times p;; = (1/m) ;caPi;(¢) and machine-independent heads r; =
(1/m) Y ;caq7ij- Then, this auxiliary problem solved by the algorithm (LS +
MW R), provides only an approximate job processing for the problem originally
stated. The “incorrect” makespan must be recalculated for original job process-
ing times. Clearly, the efficiency of this approximation increases if the variance
of processing times decreases.

The application of algorithms LS, LS + LPT, M F, and others followed from
problems with zero heads and tails is generally restricted because of too many
points of “freedom”: machine-dependent heads, processing times and tails. Even
if we assume machine-independent heads and tails, the insights necessary for
forming the list in algorithm LS are usually worse than those for S, P, HS,
etc. The job priority needs to take into account a combination of head, tail and
the processing time; however, this combination and its influence of the future
scheduling result are hardly predictable. In practice, the initial list is formed
according to nondecreasing values of approximate heads, or the (weighted) sum
of the head, processing time and tail, whereas scheduling at each examined time
moment is being performed with the help of ECT heuristic. More sophisticated
methods with a prediction of the near future are also discussed by Nowicki and
Smutnicki [227]. Computational experiments have not shown superiority of these

“The same as in the heapsort algorithm.
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algorithms over other constructive methods.

Basic T'S algorithm

Based on conclusions obtained from some single-machine studies, Smutnicki [302]
and researches of more general problems, Nowicki and Smutnicki [230, 231] there
has been considered omly the neighbourhood based on.the so-called znsertzon
moves. In our case, this type of moves is assoc1ated with = and can be defined
by a tnple v = (4,3,4), such that job (part) j is removed from Af; and then
mserted in A; in position y in the permutation 7; (y. becomes new posmon of j
in m; extended in such a Way) Clearly, it hastobe 1 < y < m; + 1 if i # t;,
1<y<n;ifi=t;.

The ne1ghbourhood of 7 consists of orders (), generated by moves v from a
given set. Using natural, simple approach one can propose the insertion neigh-
bourhood {(7), : v € V(7)} generated by the move set

vir) = J U va) (3.15)

JENIEM

where Vji(7) = Z'_-'il{(J, 5 Y)} if 1 # ¢; and Vii(r) = UyL {(4,6,9)} if i = ¢;.
To avoid solutmn repetitions, et V(r) is on-line exammed to remove redundant

moves 5. The set Vji(m) contains moves such that job j'is deleted from the
permutation m; and inserted in all possible positions i in the permutation 7;. One
can verify that ‘the fiimber of moves in V(7r) is (n=1)2. This is one of the biggest
insertion neighbourhoods proposed. It possesses the connectivity property, see
Section 2.3 for its significance. The whole neighbourhood based on V(7) can be
searched exactly (using makesparis) in a time O(n?).

The proposed algorithm uses a short-term memory of the search history rep-
resented by the cyclic list called the tabu list. For the problem considered, we
store on this list the attributes of the visited overall processing orders defined by
some pairs of adjacent jobs at a cell. The selection of the pairs depends on the
move performed. The list is initiated by.empty elements. The move- p.erfofmed
from a processing-order. 7. introduces ‘to the list ‘one.or two new elements in the
following manner. Let {(7,%,y) be.a performed move, j' and j” be the immediate
predecessor and successor of job j on machine t;; respectively. Then, if 7 # ;
we introduce to the tabu list the pair (47, 7) if j " exists, and additionally the pair
(4,3") if j" exists. If 4 = t;, we introduce (g, j") if ‘this move is-performed on the
position y higher than the current position: of j in m,; or (5, ) otherwise. The

*Moves are redundant if they prov1de the same solutions as an example any move (7i(y), 1, ¥},
since it providés v, and one of two moves (m(y) 2,y —1) and (r.(y 1),4,y), since both provide
the same processing order. - /
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move v = (4,4,%), i # t;, has tabu status if at least one pair (j, m;(k)),y < k < ny,
or (m;(k),j), 1 < k < y, is on the list. For ¢ = ¢; this move has tabu status if
at least one pair (m;(k),j), z; < k <y, if z; < y, or at least one pair (j, m;(k)),
y <k<zjif z; >y, is on the list.

To select the move leading to the next solution on the search trajectory, all
moves are divided into three categories: unforbidden, forbidden but promising
(these forbidden that lead to the makespan less than Crmax(7T%), where x T3
is currently the best processing order found during the search), forbidden and
nonpromising (the rest forbidden). Finally, we decide to perform a move selected
from those unforbidden and forbidden but promising which yields the lowest
makespan.

Advanced TS algorithm

The exact search of the neighbourhood {v : v € V(w)} is expensively time-
consuming and makes the search slowly convergent to a good solution. This fault
can be eliminated in several ways: (1) by evaluating neighbours with a measure
other than the makespan, assuming that the value of this measure can be found
in an inexpensive time shorter than O(n3), (2) by reducing the neighbourhood
size with the precise search, (3) by reducing the search complexity with the
precise search. We propose an approach that join together (2) and (3) skipping
contemporary (1) because of poor convergence to good solutions observed in
computer experiments. This approach links together philosophies of the so-called
reduced neighborhoods and search accelerator [231, 232].

First, consider the method of creating the reduced neighborhood. Let (u,w, 2)
be the sequence of indices (7,%,1), 1 <17 < n,1 <k <! <n; that maximises the
right hand side of formula (3.14), i.e.

4
Cma.x(ﬂ') = Tumy(w) T Z Pury(s) + Ary(2)- (316)
S=w

This sequence determines the unique path (critical path) in the graph G(r), see
Fig. 3.1. We call the sequence B = (my(w),...,m,(z)) the block, see for example
Grabowski et al. [99]. The block corresponds to a subsequence of elements
processed on some machine without inserted idle time. In the graph notions,
block is a sequence of nodes (without nodes o and *) located on the critical path
in G(7). We use B to denote the set of elements from the sequence B. Although,
there can exist several sequences (u,w,2) and thus several blocks, we restrict our
attention to only one of them arbitrary selected. Based on the introduced notion
we can reduce move set V(7) by eliminating a priori some useless moves, i.e.
moves v such that Cpax((7)y) > Cmax(ﬂ).



3.2. Solution methods 47

Property 3.3. If |[B| = 1 then 7 is optimal. All moves from V() are useless.
O

Property 3.4. If j ¢ B, then for any ¢ € M all moves from V;;(r) are useless.
O

Property 3.5. If j € B\ {my(w),7y(2)}, then each move v = (j,u,y),
w< y < z,is useless. O

Property 3.6. If j = m,(w), then each move v = (j,u,y), 1 < y < w, is
useless. O

Property 3.7. If j = my(2), then each move v = (j,u,y), 2 < y < ny, is

useless. O

Property 3.4 provides the highest reduction of the move set. Proofs of proper-
ties can be done by analyses of the paths in the graph G(7). Employing Properties
3.3-3.7 we propose the following reduced set of moves

wim = J U witm), (3.17)

JEBIEM

where sets W;;(7) are defined only for j € B in the following manner. If ¢ # u
we set W;i(w) = Vji(rr). If i = v and j € B\ {my(w), mu(2)} we set Wj;(7) =
Vii\{v=_04,%,9): w<y<z} Ifi=wandj=m(w) than Wji(7) = V;;\ {v =
(4,5,9): 1 <y<w} Ifi=wuand j = m,(2) than Wji(7) = V;; \ {v = (4,4,9) :
z2<y< nu} i

The set W(r) contains O((z — w 4+ 1)(n — 2 + w — 1)) moves. This evalua-
tion’ strongly depends on the block cardinality, and varies from O(n) to O(n?).
Assuming almost uniform distribution of jobs on machines we get evaluation of
the number of moves of the order O(n?/m), which is approximately m times
smaller than that of V(r). The neighbourhood {v : v € W(7)} also possesses
the connectivity property, see next subsection.

We can also make use of the below properties, however applying them we
can lose the connectivity property. Although this property is considered to be
significant for the success of the algorithm, nevertheless there are known T'§
algorithms without this property that have excellent numerical properties, see
algorithm of Nowicki and Smutnicki [230] and its rank in papers of Veassens et
al. [322] and Blazewicz et al. [27].

%Set W(x) is also scanned to eliminate redundant moves.
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Property 3.8. If j € B\ {mu(w),7u(2)}, and 7yr,(w) < 7Tuj then move
v=(4,4,9), 1 <y < w,is useless. O

Property 3.9. If j € B\ {mu(w),7u(2)}, and gr,(;) > ¢; then move v =
(7, u,y), 2 <y < ny, is useless. O

Beside the reduction of the neighbourhood size, we provide some further theo-
retical properties to accelerate the search process. The proposed method reduces
the computational complexity of the single neighbourhood search, and can be
applied to W(r) as well as to V(r) and the makespan criterion. Let = be a given
processing order. For each s € N we calculate virtual heads Rs and virtual tails
@s, by using the following recursive formulae

Ryi(s) = max{ Ry (s—1) + Pir;(s—1)» Tims(s) } (3.18)

fors=1,...,n;,1=1,...,m, where 7;(0) = 0 and p;o = 0 for any ¢ and Ro = 0,

Qm(s) = ma'X{Qm(s+1) + Piny(s+1)» Q7r,'(s)} (319)

for s = ny,...,1,i=1,...,m, where m;(n; + 1) = 0 for any 7 and Qo = 0. These
values can be found in a time O(n). Component makespans can be found in a
time O(1) immediately from the equation

Crmax(Ti) = Bry(s) + Piry(s) + @mi(s) (3.20)

which holds for any s = 1,...,n;.

Let v = (j,4,y) be a move performed. Observe, this move modifies only
single permutation 7¢; if 1 = ¢, and exactly two permutations 7, and m; if
t # tj. Since Cmax(T) = maxiepm Cmax(7:), then to find the makespan after the
move performed, it is enough to provide at most two proper values of component
makespans associated with m;; and m;. To be more precise, we introduce the
denotation 8 = (m),. Concentrate first on permutation §;; where t; follows
from 7. It has been obtained from 7;; by removing single element j. To use
this method, we need to re-calculate virtual heads and tails for jobs in §;;. To
distinguish, call them R{ and Q}. Clearly, Crmax(f:,) can be found in the similar
way as (3.20), however using R} instead of R,;. All these calculations can be made
in a time O(n; — 1). Now, consider 3; that is obtained from =; by insertion of the
job j. By (3.20) for s = y we have

Cmax(8:) = Rp(y) + Pipiy) + @pi(y) = max{Rg,(y—1) + Pigi(y—1)» Tip(y) }

+ Pigi(y) + max{Qp;(y+1) + Pigi(v+1)> 98:(v) }- (3:21)
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Since Bi(y) = j, due to relations between §; and 7;, we can write simpler form of
(3.21) and thus more sophisticated form of the makespan for the neighbourhood
(m)y. To this end consider separately two disjoint cases. If ¢ # t; then

Crnax((m)y) = max{C, Crmax(Bt;), max{ Rnr,(y—1), rij} + Pij + max{gj, Qm;(y) }}
(3.22)
where

C= Craax(T; 2
2% ) Cmax(mi) (3.23)

If i =t; then
Cma-x((ﬂ-)'v) = ma’X{C7 ma’X{R'ln,‘(y—l) ’ ',‘1.7} + p‘l,] + ma‘x{qj7 Qflyr‘(y)}}' (3'24)

Since C' can be found while calculating Cpax(7;), then assuming known R;, @;,
R}, Q}, we can find single Crax((7),) in a time O(1). Values R;, @; do not de-
pend on the performed moves so can be found in advance. Values R}, @} depend
only on job j but not on two remain components ¢ and y of the move (j,7,y). The
calculation of R}, @} needs a time O(ny;) per job. Therefore, makespans for all
O(n?%/m) moves from W(r) can be found in a time O(n?/m), instead of O(n3/m)
originally required. Note, the computational complexity of the single neighbour-
hood search has decreased e times. The analogous computational complexity for
the move set V() is O(n?) instead of O(n?).

SA algorithm

We consider the SA algorithm based on the idea of Osman and Potts, [237].
Three versions of algorithm § A have been examined with neighbourhoods based
on the move sets V(r), W(r), and W(x) extended by the use of Properties
3.8-3.9 and the random selection of the neighbour. We refer to these variants
as algorithms SA + V, SA + W, and SA + (W+), respectively. Some tests
need to be performed to select the best initial and final temperatures, limit of
iterations and the best cooling scheme (logarithmic is recommended), see Section
2.3 for details. There are a few propositions to accelerate the speed of this
method. Observe, the performed move changes the component mekespans only
on two machines: the original and target one. This means that to find the
makespan after the move we need to recalculate only these two, which require a
time O(n/m) on average. Also observe, zero deviation from the delivery interval
is the lower bound of the criterion value. Clearly, SA and 7'S should be stopped
whenever such a solution will be found. Next, since at the low temperature
the current processing order becomes the new processing order very often, some
neighbourhoods are considered many times. If the sequence of such repetitions
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is long (greater than the cardinality of the move set), some moves can be chosen
several times. To prevent superfluous (repetitive) calculations, the makespans
found for neighbours can be stored and used in the future. The hashing table
data structure is particularly suitable for such applications 7 and improve the
search speed significantly, particularly at the final part of the search trajectory.
The suggested hashing function is h(j,i,y) = (j(n — 1) + 32} ns + y mod H)
where H is the size of hashing vector.

Other reduced neighbourhoods

The application of the so-called reduced neigbourhoods in local search methods is
intuitively clear and justified. Assuming the neighbourhood too big we get, beside
a fast convergence to a good solution, an unacceptably high computational cost of
the search, that finally implies a slow convergence in time. In turn, admitting it
too small we get the advantegeous accelaration of the search, but simultaneously
it has been observed a poor convergence (in iterations) to a good solution. The
latter fault is usually associated with inability of escaping from local extrema,
or simply with the lack of the connectivity property. If other mechanisms of
search continuation are not provided, this local search method will be far from
our expectations. Therefore, the proper selection of the move set is considered
as the key element for the algorithm and is commonly regarded as the art. In
this context, the following question can be asked: how to find a proper balance
between these adverse trends of the neighborhood design and where is a final
borderline of this reduction, beyond which the connectivity is lost 87

Undoubtedly, the fundamental role of the neighbourhood is to set a proper
guidance into promising regions of the solution space. The connectivity property
ensures continuation of the search process to avoid getting stuck in a local extrema
too early. In this section, we consider an extremely reduced neighborhood for the
problem (3.3)-(3.4) (i.e. the problem with some particular properties) in the
context of the connectivity property. At the end of this section, we generalize
the obtained result in such a way as to apply it to the case where no particular
problem properties have been found.

Consider a strongly reduced neighborhood based on the move set

U(r) = | Uy () Ul () 3.25)
JEB

where each set U;;(7) C V;i(7) contains at most one move and is defined only for

"The hashing table is used with great advantage in some applications of tabu search method,
see Woodruff and Zemel [338].
8Some of these aspects have been discussed in [230, 231, 232].
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j € B in the following manner. First, we assume U;;(7) to be empty if : ¢ M.
Next, we consider only the case w < z since for w = z we have found optimal
solution, see Property 3.3. If ¢ # u the set U;;(7) contains only single move (4,1%,y)
selected arbitrarily (e.g. randomly) from the set V;;(7). The remain cases refer to
i = u. For j € B\ {ry(w), mu(2)} We set Usi(r) = {(j,w), (j,2)}. For j = my(w)
we set Uj; (1) = {(mu(w), mu(2))} only if 2 — w > 1. Otherwise this set is empty
as well as the set Uj;;(7) for j = my(2). The set U(r) contains O(z — w) moves.
Its real cardinality depends on the cardinality of B and varies from O(1) to O(n).
Assuming almost uniform distribution of parts on machines we have on average
O(n/m) moves in U(7), which is siginificantly less than these for W(r) and V().
Clearly, U(m) C W(r) C V(r), and U(n) is one of the smallest move sets.

Property 3.10. The neighbourhood based on the move set U(7) satisfies
the connectivity property. O

Proof. We need to operate on machine workloads for different processing
orders. To prevent faults, notions n;, N;,t; will be indexed by the name of
processing order. We start from the definition of the set of job pairs consistent
with a processing order a € II

V()= |J{(ealk), (1)) : 1< k<1< nf} (326)
1EM

Let us define the distance between processing orders a, § as

P(a,ﬁ) = Mpl(a’ /8) o p2(avﬂ)7 (3'27)
where
plaf) =Y |t -], (3.28)
keN
alow us to measure the distance between machine workloads, whereas
p2(a, B) = |Y(a) \ Y(B)I, (3.29)

enables the measure meant of the distance between permutations, and M is a
sufficiently big integer. This definition differs from that of Nowicki and Smutnicki
[231] since it uses another, more tight measure for p1(e, 8). Note, if p(a,8) = 0
then o = 3.

Consider a processing order 7 € II which is not optimal, i.e. Cpax(7) >
Cmax(7*) where 7* € II is an optimal processing order. First we will show that
for each 7 there exist a move v € U(w) such that p((7),, 7*) < p(m, 7).

Let us define sets £ = {(my(k),u(2)) : w < k < 2} and F = {(7u(w), mu(k)) :
w < k < z}. Consider separately the following exhaustive cases.
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Casel. “€ C Y(r*)and F C Y (n*)”. There exists in G(7*) a path containing
all nodes from the critical path in G(w). Therefore 7 > Cax(7) where 7 is
the length of this path. Taking account of this statement and assuming that
Crmax(T) > Cmax(7*), we get the contradiction Crmax(m) > Cmax(7*) > 7 >
Cinax(m).

Case 2. “£\ Y(r*) # 0”. Then there exists 7, j € B\ {mu(2)} such that
(4, mu(2)) € Y (77) (3-30)
and
(ru(k), mu(2)) € Y(7¥), z; <k <z, (3.31)
where z; is the position of job j in the permutation, i.e. m;;(z;) = j. Let :* € M
be the machine such that j € NV . It follows from (3.31) that there exists the
machine i € M such that (k) € NI~ for z; < k < z. Consider two subcases.

Subcase i* = i'. Since jobs j and 7,(z) belong to the same set N, by (3.30)
we have

(7u(2),4) € Y (7). (3.32)
Taking into account (3.32) and (3.31) we obtain
(m4(k)),7) €Y (r™),z; < k < 2. (3.33)
From (3.33) and the definition of Y (7*) we obtain
(Jymu(k)) €Y (%), 2; < k < 2. (3.34)

Now, we will show that the required move exists.

If j # my(w) or (j = my(w) and z — w = 1) then we chose the move v
(j,u,2) € U(m). Clearly, ./\f,i(")" = N, 1 € M, and therefore p;((7),,7*)
p1(m,7*). The definition of Y () for a € {(r),, 7} implies

Y((m))=1Y(m\ J {GmENNU [ {ru(k),5)}-

z;<kLz z;<k<Lz

From the above and from (3.32)-(3.33), we get

Y(@))\Y@) =[Y(m)\ J {Gr®E)\Y ().

z;<k<Lz
Taking account of the above equation and from (3.34), (3.30), we get

p2((m)u, 77) = [Y ((m)u) \ Y (77)| = pa(m,7) = (2 = 1) < pa(m, 7").
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Finally p((m)y, 7*) < p(7,7*).

Otherwise, if j = m,(w) and z — w > 1 then we chose the move v = (m,(w +
1),u,w) € U(m). Observe, this move provides the same processing order than the
move (7, (w),u,w + 1) due to redundancy. Therefore, we can make the analysis
exactly in the same way as for the move (7,(w), s, w+1) (assuming that one can
be performed). By analogy to considerations presented above, we have

Y((7)o) = [Y(m) \ {4, mu(2z; + D) U {(mu(2; + 1)),5)},

which provides pa((7)y, ) = pa(7,7*) — 1 and finally p((7),, 7*) < p(m,7*).
Subcase 1* # i'. We show that there exists move v € U(7) such that

PMCUELAEDY

keN keEN

-t

Y (3.35)

In order to prove the above, if v > * we chose the move v = (j,u — 1,y) €
Uju-1(m). Hence, tg-w)” =1¢7 -1, and t;:r)" = ] for k # j. Therefore, we get
immediately (3.35). Otherwise, if u < ¢* we chose the move v = (2,u+ 1,y) €
Ujuwt1(m). By analogy to the previous case we also get (3.35). Next, using
(3.35) we have py((7)y, 7*) < p1(m,7*) — 1. Therefore, p(m,, 7*) = Mpy(7y, 7*) +
pa(my, ™) < M(p1(m,m*) — 1)+ pa(my, 7*) = p(m,7*) = [M — pa(my, 7*) + pa(m, 7)]
and assuming M sufficiently large we obtain p(m,,7*) < p(7,7*).

Case 3. “€ C Y(r*), and F\Y(7*) # 0”. This case can be proved by analogy
to the previous case.

We are now ready to show the main result. Since p(a,7*) for any a € II
has a finite value then for any initial processing order 7(1) there exists a finite se-
quence of processing orders 7(), 7(3), ..., (") such that p(7(), 7*) > p(x(+1), 1%),
) e {my, tv e U(T)}, i = 1,...,7 = 1, and p(7(),7*) = 0 or Cpax(7(M) <
Crmax(m*). Consequently, 7(") = 7* or Cmax(w(r)) = Crmax(7*). In both cases r(r)
is some optimal processing order. m

There are some implications of the Property 3.10. First, even a relatively
small move set (O(n/m) on average) ensures the connectivity property. To that
end there is sufficient to move each job from the block on at most two machines
(the one immediately preceding and the one immediately suceeding) to any single
position there, and to move this job forward (backward) in the leftmost (right-
most) position of this block. Clearly, both W(7) and V(=) satisfy this property,
however application of Properties 3.8-3.9 in W(w) can release it. On the other
hand, experimental tests show that the move made on machines u— 1 and u need
not be performed either on the remain machines, i.e. : € M\ {u—1,u,u+1},or
in a random position y but in the position selected in a reasonable way. Similarly,
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moves to the leftmost (rightmost) positions inside the block should be performed
still further. Fortunately, the spreading of U(7) to W(r) (slightly greater) has
been made in the problem considered at small expenses paid for the calculations.
For problems where calculations are more expensive, /() is recommended.

The move set 2(x) is a tipical example of the explicit application of some
useful, particular properties of the problem, see Case 1 in the proof of Property
3.10. For the considered problem, these are the properties derived from the crit-
ical path and block notions. If no particular properties for the analysed problem
have been found, it follows from the proof of Property 3.10 then the minimal
move set with the connectivity property can has the following form

2(r)y=J UG i35 - 1,0, - 1,9, G i+ Ly},

tEM FEN;

where the move (7,%,0) does not exist and the moves (j,,y) either if i g M,
and y* denotes any (random) position on the appropriate target machine. In-
tuitively, the move set Z(7) contains moves where each part j is moved in four
opposite directions up, down, left, right only by single elementary step, i.e. -by
single machine up (down) in an arbitral position, and by single position to the
left (right). The last type of moves is called pairwise interchanges, and due to
redundancy many of these moves can be eliminated. The move set Z(7) contains
O(n) moves. '

Combined algorithm TS+ A

Following a two-level decomposition of the problem pointed out in Section 3.1 and
a good quality of approximation algorithms for single-machine problem one can
propose a two-level approximation algorithm that combines T'S approach with an
approximation algorithm A dedicated to solving m single-machine auxiliary sub-
problems. On the upper level, the T'S approach is used to find the partition A,
¢ € M, i.e. machine workload. Similar technique has been used by Hubscher and
Glover [147] for balancing workload of parallel identical machines, however with
jobs without heads and tails. On the lower level, for a given partition, m machine
sequences are generated by m-times application of an auxiliary approximation
algorithm A. An algorithm from these already enumerated as S, P, HS, N.S can
be recommended to this aim.

There are some essential differences between this algorithm and algorithm 7°§
from the previous section. The main one refers to the computational complexity
of the search. Indeed, for the given 7 calculation of Cyax(7) needs a time O(n)
and this is the cost of checking a single solution. Moreover, by application of fast
calculations of the makespans in the neighbourhood, this cost can be reduced to
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O(1) per neighbour. On the other hand finding 7 for the given workload can be
found in a time O(nlogn), see Table 3.1, which cannot be reduced. Hence, this
method should not be considered as competitive with algorithm T'S.

Other special algorithms

If a; = bj, the single-machine problem formulated in Property 3.1 is equivalent to
that of minimising maximum discrepancy, see Section 3.2 which has polynomial-
time algorithm ®. Therefore for this case only, one can propose another two-
level algorithm 7'S + G, where on the upper level only the machine workload is
searched using, e.g. T'S method, whereas on the lower level detailed schedules
for all machines are found using the method (G) proposed by Garey et al. [78].

3.2.2 Computational results
A single machine problem

An initial test was made to evaluate the quality of advanced T'S versus S, P, HS
algorithms for the single-machine problem with heads, tails and the makespan cri-
terion, Smutnicki [302]. Test instances were generated using the scheme of Carlier
[36]. For each n = 50,100,150,...,1000 and F' = 16,17,18,...,25 a sample of 10
instances was obtained. The chosen values 7;, p;, ¢; had uniform distributions be-
tween 1 and Tmaxs Pmax, Gmax, respectively. We set pmax = 50, Tmax = Gmax = nF.
Thus, 10,000 instances were tested. ‘The instances with F' = 18,19,20 were re-
ported by Carlier as the hardest. Algorithm T'S (advanced) was started from the
permutation provided by algorithm S. For all instances tested (100%) algorithm
TS provided the best result (Crax(T7%) < Crmax(75)), whereas for 0.2% of cases
only it provided strictly better result (Comax(77%) < Cimax(7#5)). Algorithm HS
is the best one among 5, P, HS, NS both from the worst-case and experimental
points of view. Note that in the tested configuration T'S has O(n?) computational
complexity, whereas HS has original O(n%logn) computational complexity. It
means that for instances with n = 50,...,1000 algorithm 7'S runs 5...10 times
faster than HS. Algorithm T'S essentially improves the initial solution in 96.5%
of cases, and provides the optimal solution in 99% of cases.

Delivery performance. Algorithm SA.

The main part of performed tests were exactly dedicated to the problem of de-
livery performance. Test instances were generated using own scheme selected
to cover a broad class of real examples. For each n = 50,100,150, ...,1000 and

®This algorithm can be extended to cover the case b; — a; =const:
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Figure 3.2: Behaviour of algorithm SA in different neighbourhoods (typical run, n = 300,
m =25, k= 1.25)

m = 2,...,5 asample of 10 instances was obtained. Values a;, b;, p;; were chosen
as follows. First, there were selected normative processing times p; with uniform
distribution between 1 and pmax, delivery dates d; and deviations from these dates
A; with uniform distribution between 0 and dmax, Amax, Tespectively. We set
Prmax = 50, dmaz = kNPmax/(2m), Amax = Pmax/2, and k£ = 1.0,1.25,1.5,1.75,2.0.
The parameter k is used to control the level of difficulty, problems with k = 1.0
are much more restrictive than those with & = 2.0. Values p;; were obtained by
random disorder of p; within the range £20%, rounded up to the nearest integer.
Values a;, b; are set as follows a; = d; — A; and b; = d; + A;. Algorithm 5 A was
started from the permutation provided by algorithm LS+MWR adjusted to cover
unrelated machines case, according to remarks already given. Other constructive
heuristics has been skipped in experiments, since both T'S and SA outperform
them.

At the initial stage, several test were performed to select the best configuration
for S A method, observe its behaviour in Fig. 3.3. In all tests, solution times are
about few seconds per whole run on a PC (up to 1,000 parts), so all of them are
acceptable. Therefore, evaluation of the algorithm performance was concentrated
chiefly on other measures of the algorithm performance, namely the quality of
generated solutions and speed of convergence.
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Some experiments were performed for S A algorithm to establish the influence
of control parameters, the neighbourhood, initial temperature, cooling scheme
and limit of iterations on the algorithm quality. For SA+ W and SA +(W+) we
set experimentally the initial (Tp) and final (T) temperatures which were 25.0
and 1.0, respectively. This is in accordance with findings of Osman and Potts
[237]. It has been suggested to set Ty approximately 0.1pmax. Indeed, TS + V
works the best for Tp = 5.0. However, it has been verified experimentally that
SA+W (also SA+ (W+)) needs the initial temperature approximately m times
greater than S A+4V. The limit of iterations is set to N = 10,000. The logarithmic
scheme of cooling is found to be preferable with parameter 3 calculated from
the dependence 8 = (Tp — In)/(NToTn). Algorithm SA + V is found to be
very sensitive to proper selection of cooling scheme, which however has not been
observed for SA+ W and SA + (W+). If we assume a slow reduction of the
temperature for SA + V, too distant solutions are accepted in the primal phase
of the run, and therefore algorithm very poorly converges to a good solution. If
we assume, in turn, high reduction of temperature, behaviour of SA + V tends
towards descending search with drift methods, which has poor performance. Very
subtle differences were found by varying the cooling scheme for SA + W and
SA+(W+), chiefly within the first 1,000 iterations. However, no other dominant
cooling scheme has been selected. The general conclusions are in conformity with
these observed in Fig. 3.2, which presents a selected (typical) run for n = 300,
m = 5,k = 1.25. In Fig. 3.2, there is shown the relative error 100%-(L(x*)—L)/L,
where L(7*) is the criterion value found at iteration ¢, and L is the reference value.
We set L = L(w19%000) for the best solutions among all tested variants of SA. Some
conclusions are surprising. Observe that the deviation from the initial solution
can be relatively high (over 600%) from the best found. This is a consequence
of small (near zero) criterion value for the optimal solution and should not be
considered as an exception but as a rule. The initial solution can be essentially
improved, and the most significant part (80%) of this improvement occurs within
first 1,000-2,000 iterations. Generally SA 4+ V very poorly converges to good
solution, and within first 2,000 iterations less than 5% improvements appear.
Behaviours of SA'+ W and SA + (W+) are similar, and both algorithms offer
quick and efficient reduction of the goal function value. Since the initial solutions
are generally very distant from the optimal ones, these valuable properties are
especially welcome.

Delivery performance. Algorithm TS.

TS algorithm was tested using the same instances. After some initial runs the
best configuration was selected: maztT = 8, maziter = 1,000 and LS + MWR
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Figure 3.3: First 1,000 iterations of algorithm SA + W (typical run, » = 50, m = 5,
k =1.25)

to find the initial solution (the same as for SA), see also Fig. 3.4. The advanced
TS algorithm was found to be superior to basic TS for the reasons pointed out
in the previous subsection. No essential differences were found between the use
of the neighbourhood W(r) and W(r) extended by Property 3.8-3.9.

Testing S A versus T'S, we found that advanced 7'S generally generates signif-
icantly better solutions than SA+W. Moreover, it tends more quickly (compared
iterations) to the first best solution, so the initial search trajectory is very steep.
In Figure 3.5, there is shown the relative error 100% - (L(7*) — L)/ L, where L(x")
is the criterion value found at iteration ¢ and L is the reference value for an il-
lustrative instance with n = 300, m = 5, k = 1.25. We set L = L(w1%) where
7100 is the best solutions from among the tested algorithms SA and T'S. The
most significant improvements (80%) of T'S appear within first 50-100 iterations,
which is quite different than in the case of SA. In practice, SA suppresses its
activity in a local extremum, not so far from the global one, however because of
the low temperature it was unable (in a short time) to exit from this extremum
to continue the search. On the other hand, T'S can easy exit from such extrema
without any difficulty. For all tested instances (100%) algorithm T'S provided
the better result than SA, and for more than 90% strictly better result. More-
over, T'S provided optimal solutions (zero deviations) in many cases. Note, the
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Figure 3.4: First 100 iterations of algorithm T'S + W (typical run, n = 50, m = 5,
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Figure 3.6: Quality of generated solution (advanced T'S) depending on k=1.25, 1.5, 1.75,
2.0.

computational complexity of a single iteration of SA is O(n/m), whereas T'S is
O(n?/m). Even assuming equal running times for T'S and SA (i.e. SA performs
n times more iterations), the result provided by SA is essentially worse. Since
the time necessary to perform 1,000 iterations for SA is usually shorter than
that necessary for 100 iterations of T'S, one can propose a combination of both
methods. First, SA is run on 1,000 iterations, and then the resulting solution is
used as initial one for TS algorithm, which more slowly but efficiently improves
the solution. Observed value L(7), for 7 generated by T'S, depends on n, m and
k. For small n and k > 1.5, the mean (best) criterion value is about 5-10% of
Amax, see Fig. 3.6. To preserve this error for the greatest n, one can set greater
k. It means that to ensure small maximum deviation from for the delivery in-
terval for overloaded cell (large number of produced parts) one can increase the
distribution of delivery dates in order to have it in the interval broader than the
mean workload per machine.

3.3 Set-up times in a single-cell model

To increase applicability of the used model, let us introduce additionally machine
set-ups to the problem from Section 3.1, formulated in the form derived from
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Property 3.2. For this purpose, we accept the following assumption: if the part
[ is processed immediately after part ¥ on the same machine i (¢; = ¢ = ), a
set-up time A}, must be taken into considerations, i.e. Cx+A}; < §;. In practice,
due to similarity or identity of produced parts, the set of possible set-up values
is finite and small. Quite often, for each part there is introduced a membership
to the family of types 7 = {1,..., f}, where f; € F is a type of part j. In this
case,y set-ups are defined for these parts which are of different types. Neglecting
the philosophy of finding set-up values, one can treat Afcl as given.

Skipping the trivial observation that the model is still working for the set-ups,
let us concentrate on the most significant problem of the variety and quality of
available solution methods. Algorithms S,P,HS,NS as well as T'S + A are hardly
adapted to this case, particularly while considering non-uniform machines. Hence,
only T'S and S A techniques, among these from Section 3.2, remain. Both methods
refer to the use of a neighbourhood and eventually to some of Properties 3.3
3.7. Let us discuss this subject in detail. The application of the neighbourhood
{(m)y : v € V(m)}is always valid due to its high generality. Among the properties,
only Property 3.3 holds without any additional conditions. Property 3.4, the most
useful for a reduced neighbourhood, remains valid if only the following condition
holds

S A+ By (3.36)
for any k,/ € M and 7 € M. In practice, this requirement is usually satisfied.
It states that making a set-up immediately from part k£ to part / we cannot do
worse than making two consecutive set-ups from k to j and from j to ! for any
other part j. None of the remain properties need hold. Hence, we can propose
another significantly reduced neighbourhood with the size of order O(n?/m) and
having the connectivity property, however slightly greater than that with the
move set (3.17). Additionally, the approach described in subsection “Advanced
TS algorithm” for the fast makespan calculation can be used after an appropriate
modification with all advantageous properties yielding higher search speed.

3.4 Conclusions

Quality of both SA and T'S methods has been significantly improved by appli-
cation of the reduced neighbourhood. Additionally, T'S has been significantly
accelerated by the use of some theoretical properties of the problem. Hence, we
are allowed to formulate the following (hypo)thesis: just the special properties
of the problems should be considered as the key for the success of the solution
algorithms. Indeed, these properties play the fundamental and very important
role in guiding the search through the most promising regions of the solution
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space. This fact has been verified and confirmed in many researches conducted
by Nowicki and Smutnicki [230, 231, 232].

The obtained transformation of the stated delivery performance problem into
a problem with heads, tails and the makespan criterion can be performed for al-
most all workload/scheduling problems, even with more general production struc
tures. This allows us to solve some problems of delivery using classic scheduling
problems. All advantageous properties and algorithms formulated for the latter
problem can immediately be applied. Additionally, many results found for classic
scheduling problems with the makespan criterion can easily be extended to cover
cases with heads and tails, see the best known algorithms in [230, 231, 232].

Application of the proposed min-max measure of delivery performance yields
certain profits, but simultaneously it leads to some disadvantages. The used
model is simply enough to be solved using very fast and easily implementable
approximation algorithms with a high accuracy. This model is also useful while
considering problems having e independently minimised criteria, each one for a
separate customer order. From this point of view it is much more justifiable
application of this model on the borderline between purchaser and client (final
product stage) than inside the manufacturing system where it seems difficult to
include the fluctuations of delivery times in considerations. On the other hand,
minimisation of the maximal deviation permits all jobs to tend towards extreme
deviations, which is not distinguished by the criterion value, but unreasonable
from the practical point of view. To eliminate these shortcomings one can propose
to modify the goal function by adding, e.g., a term with the sum of deviations.
Unfortunately, this modification essentially complicates solution methods and
goes over the power of theoretical tools used in this section (this subject will be
discussed in next sections).

3.5 Delivery performance by max/total cost

In this section we discuss more advanced scheduling models based on the maxi-
mum cost and total cost scheduling criteria, which can be applied in JIT environ-
ment. The considered models as well as proposed algorithms still remain inside
conventional tools of ST.

3.5.1 Scheduling with cost function

Consider a production cell having m machines and let M = {1,...,m} be the
set of these machines. Each machine ¢ is available starting from some date g;,
because of not finished production tasks. The set of n parts N' = {1,2,...,n}
has to be processed by this cell. Each part j € A requires a single machine for
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processing, needs & time p;; > 0 for processing on machine ¢ € M, has weight w;
(interpreted as priority/urgency weight or the cost of inventory per time unit),
and has to be completed before the given due date b;, however as close as possible
to this date. Each part can be performed on any machine from M. Once started,
a part cannot be interrupted. Each machine can execute at most one part at a
time, each part can be processed on at most one machine at a time. A feasible
schedule is defined by a couple of vectors (5,7") which are the same as in Section
3.1
To measure the delivery which is not in time we can use the maximum
weighted deviation
max|w(b; = Cy)l; (3.37)

and the total weighted deviation

> [wi(d; - Cy)), (3.38)

JEN
since for all j € /' we must have C; < b;. Note, this criterion concentrates only
on a measure of waiting times (between the time of part completion and date
of delivery) neglecting processing times, which in the case of unrelated machines
does not necessarily minimises WIP. Alternatively, to minimise both delivery
performance and WIP in the environment with multiple unrelated machines,
~one can propose to replace C; by S§; in formulae (3.37) and (3.38). However,
the criteria obtained in such a way generally are not equivalent, which leads to a
surprising finding that better delivery performance does not necessarily minimises
WIP.

We also refer to Section 3.1 for the notions: machine workload (N;,i € M),
machine processing orders (m;,7 € M), overall processing order w, set of all
processing orders II. The feasible schedule (5,T) generated by = implies ¢; = 1,
j=1,...,n;, @ € M. Appropriate starting time S = (51,...,S5,) follows from
the optimisation problem

M(m)= min  max[w;(b; — C)] (3.39)
with the set S(r) introduced by constraints (3.4). Denote by J(7) the optimisa-
tion problem for the criterion (3.38). Similarly as in the Section 3.1, for fixed =
both problems can be decomposed into m independent single-machine subprob-
lems, denoted as M(w;) and J(m;, respectively. Next, these subproblems can be
expressed in terms of ST.

Property 3.11. Each subproblem M (x;) (J(m;) respectively) is equivalent to
the problem of scheduling jobs from the set A; on a single machine with heads r; =
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K —b; and a common dead line d; = K — g;, where K = max;e bj, to minimise
maximum machine-dependent cost maxjen; fi;(C;) (total cost Y. u; fij(C;) re-
spectively), where f;;(t) = w;t + vsj, vi; = wj(b; — K — p;;). O

Easy proof follows from observation that with respect to a single machine the
problem stated originally can be “reversed” providing that from Property 3.10.
The problem stated can be interpreted as that of scheduling jobs on parallel
unrelated machines with machine-independent heads, machine due dates and
machine-dependent cost functions combined either as maz or sum criteria.

3.5.2 Some remarks on solution methods

The dead-line restriction stated in Property 3.10 can be modelled by modifying
cost function to obtain a general non-linear or piece-wise linear function having
appropriately high barrier value in the dead-line point. Obviously, a process-
ing order 7 is feasible if the associated cost does not exceed a threshold value.
Although such a modification has no obligatory character, it allows us to forget
about dead-lines, which complicate the problems a feasible solution existence (this
problem is NP hard). In manufacturing practice, many constraints assumed as
fixed can be violated at some additional costs. This approach is close to the local
search method where unfeasible moves 19 can be accepted with some additional
penalty only to ensure the continuation of the search process. This penalty can
be included explicitly in the goal function (as above) or can be added to the orig-
inal criterion value as an independent term. Note, due to restricting the search
with feasible moves only we usually obtain an algorithm of superfluous stiffness
and thus poor convergence to the best (feasible) solution.

Since the problem can be decomposed into m independent subproblems, one
can consider algorithms recommended for single-machine problems with heads
and general maximum cost or total cost as the useful tool for constructing solution
algorithm. Not specifying here any particular solution method, we only refer
to these properties and solution approaches that can be recommended for the
construction of the solution algorithm. Based on the conclusions from Section
3.4, we consider only local search approaches as the most promising ones.

Problems with general max-cost criterion have been treated marginally in the
literature, see the excellent review by Gupta and Kyparisis [128]. Only maxi-
mum lateness and tardiness are considered more frequently than other max-cost
criteria. Nevertheless, research conducted by Smutnicki [291], Grabowski and
Smutnicki [102, 103], Grabowski et al. [112], for a general cost function pro-
vides its very useful properties, analogous to the so-called block properties. These

1%Moves that lead to an unfeasible solutions.
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properties constitute the base for the definition of a reduced neighbourhood and
for a suitable method of acceleration of the neighbourhood search. T'S approach
combined with extended block properties and original search accelerator have
provided many algorithms with excellent numerical properties see, for example,
papers of Nowicki and Smutnicki [230, 231, 232]. This approach can also be easily
extended to many other more general structures of the production systems.

Problems with total cost criterion have appeared more frequently than those
with max-cost, since they have better economic interpretation. Problems with
heads and total weighted sum of completion times as well as problems with more
general production structure are considered as particularly difficult. Generally,
Properties 3.1-3.9 do not hold for this problem. Moreover, except some special
cases, no significant general properties have been found so far. (Some experiences
with constructive and DS algorithms for a single-machine and flow lines have been
presented by Nowicki et al. [220].) It means that in the local search algorithm we
cannot use the move set W(r), but we can apply either V() or Z(x), see Section
3.2 for details. The move set V(7) immediately implies very expensive search
time O(n®) per neighbourhood. In turn, Z(r) (with the connectivity property)
contains O(n) moves and requires a significantly shorter search time O(n?) per
neighbourhood. As to search accelerator, excluding the case of zero heads, no
changes of the criterion value are predictable in advance. Therefore, we need to
re-calculate the goal function value for the newly generated solution to evaluate
its quality explicitly. Conclusions drawn in Section 3.4 lead to the statement
that any reduction of the move set is especially desirable, first because of too
slow SA convergence, next because of too high computational complexity of the
single iteration of T'S. Since the cost of the whole neighbourhood search becomes
too high, SA method is considered as the preferable one. On the other hand T'S
has been found better than S A taking into account the performance of generated
solutions. To prevent too high cost of the single neighbourhood search, there
has been proposed the idea of the restricted neighbourhood, Diaz [59]. The size
of this neighbourhood is controlled by certain parameter, and decreases if the
number of performed iterations increases. The restriction prevents the moves
from being distant. This restriction has an arbitrary character, quite different
than philosophy of the reduction by eliminating useless moves.

Several additional properties, advantageous for constructing a reduced neigh-
bourhood for the problem (3.38), can also be provided. We outline only some of
them. Let C; be the completion times found for processing order .

Property 3.12. For any move v = (J,%,y) € V() such that ¢ # ¢; and 1 <
y <k=max{l <s < n;:r; > Crys} there exist a move v = (4,4,9) € V(r),
y' > k, such that J((7),) < J((7),). O
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Appropriate, more sophisticated, property exists for the case : = ¢; as well.
This property restricts the number of considered positions y on each machine 4.
In practice, assuming an almost uniform distribution of heads in the processing
interval and uniform distribution of parts on machines, approximately half of
moves from V() can be eliminated in this way. Other properties can be found to
reduce the number of calculations. Observe, schedule on a single machine with
criterion J(7) can naturally be decomposed into several blocks, each of which
corresponds to a subsequence of parts processed consecutively on this machine
without inserted idle time. Assume that moves v = (J,¢,y) are performed in the
inverse order y = n; + 1,7;,...,k + 1 for some fixed j and 7 # ¢;. Insertion of
j in position n; 4+ 1 can be evaluated in a time O(1) on the base of J(;) and
f;(¢). If only this part adheres to the last block in the resulting processing order,
the insertion in position n; can be interpreted as a swap of immediate adjacent
elements, hence the new total cost can be found in a time O(1) by modification
of the oldest one !!. Then the process is repeated. Unfortunately, some exclusion
need to be made if the insertion is performed on a position “between” the blocks.
Nevertheless, the profits obtained remain significant.

3.6 Applications

One can find a lot of applications of the model proposed and solution methods.

First, they can be used immediately in an interactive system to support
scheduling decisions, like that developed by Nowicki and Smutnicki [227]. Values
aj, bj, w; can be used as the control parameters (aspiration, reservation level)
which allow the user to express his own preferences in the process of developing
the satisfactory solution. Note, the user can smooth the faults associated with
the use of min-max delivery measure by appropriate setting his own preferences:
expected delivery date, deviations from these dates, urgency.

Since the proposed algorithms reduce the criteria value very fast and effi-
ciently, they are highly recommended for the pre-processing phase in more ad-
vanced algorithms, designed specially to minimise other, more complex non-term
delivery measures.

The pure problem of scheduling jobs on parallel machines with heads, tails
and the makespan criterion (auxiliary for our aim), and also its special cases, can
be also used for resolving problems of scheduling jobs on critical machines and/or
in critical machine nests, in the conventional manufacturing systems. Each time
when a bottleneck production unit (machine, machine cell, etc.) has been de-
tected, an additional parallel, identical or more often non-identical machine is

1 - "y ; 3 ;
Some additional conditions are necessary to ensure correctness of this manipulation.
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added to increase the production power and to remove the bottleneck mark from
this production unit. The proposed model and algorithm allow us to analyse and
evaluate all what . .. if cases for any extended machine set.

Another application one can find in a transportation system. Let this system
contain m (independent) vehicles. These vehicles have to deliver n products to n
points, each of which need to be visited in the time window [a;, b;]. Once visited,
a vehicle spends time p; at the point j, and the travel from point ¢ to point j
needs a time A;; (set-up time). Skipping the vehicles capacity, we would like to
find the schedule of vehicle routes, which minimises a measure of not on time
delivery. In fact, limited vehicle capacities can also be included in this model by
imposing a restriction on the feasible machine workload or auxiliary penalty per
vehicle overload.

These models can also be used to design and analyse the inventory controlin a
manufacturing systems. Cyclic manufacturing can be approximated by analysing
flows of parts for some, small number of cycles. Fixed delivery dates, like that
in the model from Section 3.5, allow us to propose a self-operated JIT inventory
control with pull strategy, see Fig. 2.1 (c).



Chapter 4

Delivery performance by using
E/T penalties

In this chapter we discuss more complex measures of delivery performance, which
can be modelled by using some advanced extensions of scheduling problems,
namely the ones having so called non-regular criteria or general earliness and
tardiness (E/T) penalty function. The study of these models is relatively re-
cent area of inquiry in ST, and is strictly associated with the developing of
the JIT philosophy. In this models, each customer order (groups of these or-
ders) has determined individual penalty function for non-term delivery. The
primal role of this function is to guide solutions toward the target of meeting
all required delivery dates exactly. From this point of view, it represents the
customer/host expectations. Nevertheless, this function may also expresses ex-
plicitly some production costs. Although penalty functions may reflect customer
views more accurate, solution methods recommended for these problems remain
still unsatisfactory, chiefly because of too high computational complexity. Most of
considered hereafter problems can be modelled with the help of linear program-
ming (LP), however already solution methods (particularly these enumerative
and local search) need to solve some LP problems a huge number of times. Since
one can doubt about effectiveness and rationality of this approach, then generally
it will be avoided. The fundamental aim of this chapter is to select problems,
their properties, and methods, which allow us to reach assumed goal (the best
performance of delivery) under a minimal cost of computations.

At the begin, we introduce the general framework of using E/T penalties,
the basic properties of problems, as well as a classification of problems and ap-
proaches. Next, some results for a single-machine problem with min-max earliness
penalties is presented, Smutnicki [305]. These studies go over basic results formu-
lated for problems with min-max E/T penalties, Sidney [286], Lakshiminarayan
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et al. [184], Achuthan et al. [2], and are immediately applicable for problems
with more general structure of the production, Grabowski and Smutnicki [110],
Smutnicki [299, 300]. In the end, we discuss some aspects of application the to-
tal and extended E/T penalties to single-cell scheduling. All approaches will be
presented on examples of selected problems, having immediate application in JIT
systems.

4.1 E/T measures

In the JIT scheduling environment, final products (semi-products) need to be
completed as close as possible to the due date (delivery interval), and equally
the early as well as tardy completion is undesirable. The former because of cost
of inventory that must be held, the latter because of customer dissatisfaction.
(ienerally, variation around the due date can measured in various ways, see e.g.
Section 3.1, nevertheless in this section we consider only these pointers that use
nontrivial, appropriately defined E/T penalty functions. There have be selected
two sub-classes of such problems: these where due dates are given (fixed), and
those where due date is a variable that has to be chosen. The latter case can be
used to negotiate the term of delivery. Another two sub-classes are distinguished
by admitting that either all jobs can start earlier than time zero, or cannot.
These subclasses are called unrestricted and restricted version of E/T problem,
respectively.

All known in the literature problems deal with the single machine, static
model, although some of these results have been extended to at most parallel
uniform machines case, see the review by Baker and Scudder [18] supplemented
by papers since 1990 [4, 7, 34, 78, 131, 135, 139, 175, 209, 321]. Some of these
results appear also in the book of Brucker, [31]. Although, one can found in the
literature very few more general problems, either no particular algorithm has been
proposed or the proposed ad hoc algorithm has not been implemented and veri-
fied experimentally. In general, the research concentrate on special, polynomialy
solvable cases, or models as simply as possible, because of too high computational
complexity of the proposed solution methods. Indeed, problems with E/T penal-
ties are much more troublesome than classic scheduling problems !. Because of
the non-regular form of the goal function, all traditional approaches from ST are
useless, and therefore new solution methods are intensively looking for .

Classification of problems will be made assuming that the set of independent

In classic scheduling there are known at least five classes of schedules: left-justified, weakly
active, strongly active, left optimal and optimal, see e.g. [323]. Solutions with E/T penalties
generally are not left-justified.
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products (jobs) N = {1,...,n} is to be performed in the system, each of which
requires a machine (dedicated or selected among a given set) during some un-
interrupted processing time. Specification of the machine set has no influence
on the classification, so is skipped. Each product has a delivery interval [r;,d;]
within which it should be completed in the ideal case. Let C; denote the comple-
tion time of this product. Clearly this completion time depends on the schedule.
We define also the job earliness E; = [r; — C;]* and tardiness T; = [C; — d;]t,
where [z]T = maz{0,z}. A lot of measures have been considered so far in the
literature. Although models with delivery tolerance (i.e. such that r; < d;) are
better justified in practice, Cheng [45], almost all known results refer to the case
without the tolerance r; = d;, where delivery interval reduces simply to the due
date denoted hereafter d;. There are four distinct classes of measures based on:
maximum E/T, linear combination of E/T, non-linear combination of E/T, varia-
tions of mutual job completion times. The last class does not introduce explicitly
required delivery interval, but extort the schedule to be as much as compact on
the time axis. One of the simplest and early recognised is a function of maximum
deviation, Sidney [286],

max(max{g(E;), f(T;)}] (4.1)

where g(t) and f(t) are some nondecreasing, continuous, convex functions. Some
very special cases of (4.1) have been also considered, e.g. Garey et al. [78],
Brucker [31]. A nontrivial generalisation on the case of various functions g;(t),
fi(t), under relatively weak assumptions about penalty functions, has been pro-
vided by Grabowski and Smutnicki [110], and Smutnicki [299, 300, 305]. Note,
these measures are quite promising since admit various due dates yet. Further
papers provided a lot of measures based on total deviation, as an example simple
total absolute deviation from about common due date, Kanet [158],

Y oICi —dl =) [E; + Tj] (4.2)
JEN JEN

with the understanding that d; = d, j € M. Many of the authors have used such
measure, see [18]. By leaving the common due date and introducing two weights
w and v we obtain a slightly more general measure, Bagchi et al. [13],

Z[ij + wTj] (4.3)
JEN

The next generalisation extends (4.3) by introducing, nearby the variable common
due date, an element of negotiation represented by maximal acceptable due date
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d*, Panwalker et al. [240],

> [vE; + wT; + u[d — d*]*]. (4.4)
JEN

Another variation of (4.3) on additional penalties with the common due date
refers to the measure introduced by the same authors

E[ij + wT; + uCj) (4.5)
JEN

where also flow time is taken into account. By assuming a common, fixed due
date, the measures (4.2)-(4.5) have, from some point of view, a limited applica-
tion in JIT systems where many products need to be delivered in various time
moments. This note refers also to cases with variable, negotiable due dates.
Moreover, solution of these problems appears to be intrinsically different (sig-
nificantly simpler) from solutions of problems with distinct due dates. All these
enumerated measures can be represented by the following general linear one, con-
taining also models with distinct due dates, considered by many authors, see the
review [18],

> [wiE; + viT; + u;Cj + zid;] (4.6)

JEN

Nonlinear penalties are represented by squared deviation

Y (Cj—d? =) [E}+TF (4.7)

JEN JEN

or a variation of (4.7) admitting the use of the weights v and w, or v; and w;.
The last class of measures is based on variances between job completion times,

Kanet [158],
Y ici- ¢yl (4.8)

iEN JEN

Y Y (Ci-Ci) (4.9)

1EN JEN

or

This class has an important application in assembly line leveling problem, see
Kubiak [172, 174].
Generally, the total penalty measure can be written as

> L0 (E3) + £i(T))] (4.10)

JEN
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where f;(t) and g;(t) are some nondecreasing, continuous, convex functions. In
this formulation, there are no differences between restricted and unrestricted
versions, since the job starting before the time moment zero can be avoided by
defining appropriately the penalty functions g;(¢). Note, measures based on total
deviation are constructed very often in such a way as to provide the convex goal
function. This causes that, the problem for fixed job processing order has a single
extremum, not necessarily unique. Otherwise, this problem can own several local
extrema, which becomes much more troublesome. From this point of view, some
penalty functions as an example barrier functions are not basically allowed and
require specific solution techniques. Note also, the measure based on min-max
penalty need not the assumption about convexity.

There are a few solution methods applied. Almost all of them use the so-
called V-shaped property. Briefly, this property states that there is an optimal
schedule where jobs concentrate around due date(s). There are many particular
forms of this property, developed by many authors, with the dependence on used
measure and the assumptions about the problem. Skipping the review of their
variety, we only send back the reader to papers already cited. Whereas the form
of this property is well understood in the case of the common due date, it is
much more complicated when we deal with the distinct due dates. Up to now,
a lot of polynomial algorithms have been proposed for special, simply problems,
chiefly these having a common due date. More advanced problems, among which
are those with distinct due dates, have been solved either by B&B 2 or heuristic
algorithms. The search for the optimal schedule is usually decomposed into two
subproblems: finding a job sequence and finding job starting times (for the given
sequence). Given a job sequence, the optimal job starting times can be produced
by solving a linear programming problem. However, for some problems there can
exist more efficient polynomial-time procedures, see for example Garey et al. [78],
Smutnicki [291]. As to the heuristic methods, most of them use a constructive
algorithm followed by the descending search method with the neighbourhood
based on job pairwise interchange.

E/T models can successfully be applied in JIT environment, provided that the
following conditions are fulfilled: (a) the tolerance of delivery date is preferable,
ie. 7j < dj, (b) the model with distinct delivery dates should be considered as
basic one, (c) solution algorithm should be applicable to instances of practical
size (100..1000 jobs), (d) in models with variable delivery dates, there should be a
small variety of dates, each of them being selected from the given interval or from
the given discrete subset of values, (e) considered models as well as algorithms

2Tt has been reported that problems with more than 20 jobs can already lead to exccessive
solution times.
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should be designed and tested for more general production systems, or at least
the proposed approach can be easily extendable to cover such systems.

4.2 Min-max E/T penalties

In this section, we discuss a basic model with general min-max E/T penalties.
The proposed approach has been extended to cover more complex production
structures, e.g. flow line, Grabowski and Smutnicki [110], and the job shop
structure, Smutnicki [300].

The set of n different jobs should be processed on a single machine, which can
execute at most one job at a time. Each job j, j € M = {1,...,n}, requires an
uninterrupted time p; for processing and has a cost function h;(t). It is assumed
that the function h;(¢) owns single, not necessarily unique, minimum. The job j
which started at the time moment S;, implies the job cost k;(5;). We wish to
find the optimal starting times 57, j € N of the jobs that minimise the maximum
cost max;jen h;(S5;)-

Rough assesment of the formulated model suggests the application of a general
non-linear optimisation method in order to solve the stated problem. However, we
will provide a more fitting solution method using an alternative formulation with
the notion of job processing order. The processing order of jobs is represented
by a permutation m on N, and let II be the set of all permutations. Denote by
S(m)={8: §=(51,---,50); Sx(i) +Pr(s) < Sn(it1)s ¢ =1,...,n — 1} the set
of feasible starting times of jobs in 7, and by H(w) the lowest cost obtained for
m. H(7) can be found by solving the following optimisation problem

H(r)= mi hji(S;). .
(m) e i(53) (4.11)
Now, the problem 1 || Amax can be formulated as that of finding the permutation
m* € II, such that
H(r*) = InelII_II H(r), (4.12)

and can naturally be decomposed into two subproblems: find the optimal permu-
tation 7* (optimality is measured by H(7)) and find the optimal starting times
S* € §(7*) by solving (4.11) for 7*.

For needs of the algorithm we will introduce another (equivalent) form of
function h;(t). Let [z]* = max{0,z} and h} = min_coci<oo hj(t). Define r;
and d; so that r; = min{¢ : hj(t) = hj},d; = max{t : h;(t) = h}}. Clearly
r; < dj. The earliness of the job j started at the time ¢ with respect to 7;
is E;(t) = [r; — t]*, whereas the tardiness of the job j with respect to d; is
T;(t) = [t — d;]*. The earliness cost function is given by g;(t) = h;(r; — t), while
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the tardiness cost function by f;(t) = hj(t + d;). Both functions are defined for
¢t > 0 and are nondecreasing. Note that h;(t) = max{g;(E;(t)), f;(T;(t))}, and

H(r)= SIeI}Slgr) IJI?A)/( max{g;(E;(5;)), fi(T;(5;))}- (4.13)
In the sequel, for simplicity in notations we will use E;, T} instead of F;(S;) and
T;(S;)-

Problems with hpay criterion were considered by Achuthan et al. [2], Lak-
shiminarayan et al. [184], Sidney [286]. The problem examined in [286] and
[184] is a special case of (4.11)~(4.12). All cited papers deal with some properties
of the problem and exact algorithms (the problem is NP-hard). Approximation
algorithms have not been considered so far.

4.2.1 Algorithm SOL

Algorithm SOL solves the optimisation problem (4.11) or more precisely its equiv-
alent form (4.13). The value H(7) can be found from the formula

()= max Ha(r) (4.14)
where
Ly = {(5,5): 6 <i < j < b, (4.15)
Hap(m) = OStISnAi{:b(ﬂ) max{gr(a)(t); fr(s)(Aap(T) — 1)} (4.16)
and L
Aap(t) = [6a6(T)]* = [Ta(a) = dmip) + D Prie)] T (4.17)

Job starting times S* € §(7) which ensure minimum of (4.13) can be found in
the following way. First, find for 7 € N the values

E! = max{t : g;(t) < H(m)} (4.18)

where H () is found by (4.14). Next, find the job starting times §* € S(r) using

the following recursive formula

;(1) = ’r1r(1) - 7,((1), (419)

Sx) = max{Sy;_1) + Pr(i=1)s Tx(5) — Exi)}s 7 =257 (4.20)

Note that this method does not require any additional assumptions (as, e.g.
continuity) concearning the cost functions h;(t). If the functions h;(t), j € NV are
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continuous and h} = 0, then the optimisation problem (4.16) can be replaced by
the problem of solving the equation gr(q)(t) = fr(s)(Aas(7) — t). For frequently
used piecewise linear cost function

hj(t) = vjr; — 1% + wjlt — 57, (4.21)
the solution of (4.16) takes the form
Un(a) Wr(b)
Hyy(n) = —m@Pm®) A oy, 4.22
b(™) Un(a) + Wn(t) ab(T) ( )

Since |I1,| = n(n + 1)/2, then H(7) can be found in a time O(n’w) where w is
the number of iterations necessary to solve the problem (4.16) for given a,b and
Ags(m). The job starting times S* € S(w) can be found in a time O(nrT) where
7 is the number of iterations necessary to find E7 for the fixed j, see (4.18). For
the cost function (4.21), both w and 7 are O(1).

Property 4.1. Algorithm SOL is correct. O

Proof. Without losing generality we can assume that (i) =1¢,i=1,...,n.
We will prove (4.14) by showing two complementary inequalities “H (7) > y” and
“H(r) < y” where y = max(, 3)er,,, Hap(7), and H(r) is defined by (4.13).

Case “H(m) > y”. By virtue of (4.13) we have

H(r) > iy e, max{g;(Ej), fj(Tj)} = in, max{g.(Ea), fo(Tb)}. (4.23)

Since we have T, > 0 and

szTb"i’Ea_Ea:[Sb_db]++[7'a"sa]+"'Ea

b—-1
> [ra- —dp+ Sp — Sa]+ —E, > ['ra —dp+ Zps]-l- -E, = Aab(ﬂ-) — E,, (4'24)
s=a

forany 1 < a < b < n, then T}y > [Ag(7) — E,]*T. Applying this result in (4.23)
we obtain
H(ﬂ-) Z SIEH.S%{;) ma'x{ga(Ea)a fb([Aab(ﬂ') - Ea]+)}

— . _ + _ . .
opin  max{ga(Ea), fo({Aay(T) = Ea]")} = min{ an max{gs(Es),

AlBam) = B}, min  max{ga(Ea), KO

>min{ _ min  max{ga(E.), fl[Aas(r) - Bal*)},max{ga(Aas(m), SO
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- 0<t1<n£,1,,( max{g,(1), fb(Aab(W) —-t)} = H (). (4.25)

Since (4.25) holds for any (a,b) € Iin, then H(7) > max(ss)eh, Hab(T) = 3y
which completes the proof of this case.

Case “H(m) < y”. Let us denote E¥ = E¥(S57), T} = T;7(S3). From the definition
of y and from (4.18) we have E} = max{t gJ(t) <y}, gJ(E ) < y, and g;(t) > y
fort > Ef, j € N. Next, from (4.19)~(4.20) it follows that S} > r; — E! and
therefore E* = [rj = §¥]* < El, j € N. Since g;(t) are nondecreasmg, we obta.in

9i(E7) < g;(Ej) <y, jeN. (4.26)

Next, we will show that

fi(T7) <y, j€N. (4.27)
This fact will be proved by contradiction. Assume that there exists the job v
such that f,(T7) > y. Then, find a job with the smallest index u such that the
machine is not idle in the time interval [S}, 53], i.e.

v=max{i<v: §7;+pi_1 <5}, (4.28)

where S5 4+ po = —oo. Such an index always exists and by virtue of (4.19)-(4.20)
it has tobe E = E, 53 = r, — E, and

v~1 v—
=S54+ ps—du)t = [ru—du + Y _ps — EJI* < [Auy(m) - ELI*. (4.29)
s=u S=u

If B}, < Ayy(m), we obtain

y 2> Hy(7) = OSténAiBu( )max{gu(t) fv(Auv(”) -t)}= mm{0<trémll( )max{gu(t)a

fo(Buy(m) = 1)}, min  max{gu(t), fu(Auw(T) - 1)}}

Bl <t<Ayy(7)

v A'u.'u -
> min{ _min o fu(Aw(r)-1),  min o o.(t))

> min{f,(Ay(7)—E.), ELQIglglw(w) gu(t)} > min{ f,(T}), EK{giAnw(w) gu(t)} > .
(4.30)

Otherwise, if E! > A,,(7), we have

y> Hy(m) = 0<t£nAm max{gy(t), fo(Aus(T) - 1)}

> i v Au'u '_'t = 1 v ) - +
2 o Fo(Bu(m) =) oD ) follBu(m) —1]7)
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> min fv([Auv(ﬂ') - t]+) = fv([Auv(ﬂ') - E'L,,,]+) > fv(T;) > Y. (4-31)
0<t<El
Both (4.30) and (4.31) imply the contradiction. So, it has to be (4.27). Now we
are ready to show the final result. By virue of (4.13) and employing (4.26)—(4.27)
we immediately obtain

H() < maxmax{g;(Ej), ;(T})} = max{max g;(E}), max fi(TH)}

<y= max Hg(r
= (aqb)elln ab( )

which completes the proof of this case. m

4.2.2 Approximation algorithms
Priority rules

Among many approximation algorithms with priority rules we consider only those
based on the classical two-steps technique: (1) find a permutation using job
priorities, and next (2) find job starting times using the algorithm SOL. At step
(1) one can propose the following obvious rules:

(PR) arrange jobs according to the nondecreasing values r;,

(PD) arrange jobs according to the nondecrasing values d;,

(PA) arrange jobs according to the nondecrasing values (r; + d;)/2.

Although several other rules were considered and investigated by us, the ex-
perimental evaluation of the performance was similar. Therefore, in the sequel,
we will refer to only one of them, namely PA.

Insertion technique

The approximation algorithm INS has been designed using the so-called insertion
technique, introduced primarily for flow shop scheduling with the makespan cri-
terion, Nawaz et al. [212], and applied to many other scheduling problems with
regular criteria. Both experimental analysis and worst-case analysis prove that
this technique, as the best, can be recommended for problems with the makespan
criterion, Nowicki and Smutnicki [226, 231]. Due to its properties the insertion
approach seems to be particularly suitable for the problems with irregular criteria.

Without losing generality we assume that jobs are indexed so that p; 2
pi+1, J = 1,...,n — 1. The algorithm INS generates a sequence of partial per-
mutations oy, ....,0, where 0; = (0y(1),...,0y(l)) is a partial permutation on
the job set {1,...,1}, I = 1,...,n. Clearly, oy = (1). The permutation o1
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is created from oy in the following way. At first the set II;1y containing [ + 1
auxiliary partial permutations on the set {1,...,/ + 1} is generated

My = {of}1 = (a(1),...,o(m — 1), 1+ 1,0¢(m),...,00(1)): m=1,...,1+1}.

(4.32)
The permutation o7}, is created from o; by msertmg the job [ —|— 1in m-th position
in o7 (this insertion moves the jobs oy(j), j = ., 1 one position to the right).

For m = 1 the inserted job precedes, Whereas for m = |+ 1 succeeds all jobs
from o;. Next, we select Ul+1 € II;4q such that H(O’H_l) = mini<mei+1 H(ofh ),
and thus we set 0741 = o]}, for the next iteration. Obviously we have 7IN5 =

0,. The computational complexity of this algorithm is O(n?v) where v is kthe
computational complexity of the algorithm SOL. Unfortunately, already for the
cost function (4.21), v is O(n?). Therefore the computational complexity of INS

is generally O(n%w), whereas for the cost function (4.21) is O(n?).

Efficient insertion technique:

The computational complexity O(n*w) of the algorithm INS is too high for practi-
cal applications. Therefore we will provide another more efficient version INS/E of
the insertion method, which runs in a time O(n®w). Unfortunately, the computa-
tional complexity proposed simultaneously implies more complicated description
of the method.

First note that auxiliary permutations o7};, m = 1,.,l+1in I N S are checked
in a time O(lPw), which requires / + 1 runs of SOL. We propose a method that
checks these [ + 1 permutations in a time of the single run of SOL, i.e. O({%w).

Let us begin with some notions and notations. Besides I,;, see (4.15), we
define for a,b,¢,d € {1,...,n} the following sets

JE ={(,j):a <i<b,c<j<d}, (4.33)

and assume J¢ = @ if a > b or ¢ > d. Let o; be the permutation obtained in the
I-th iteration of the algorithm INS. Analyse an auxiliary permutation oty (fora
fixed m) obtained in I 4 1-st iteration. Observe that, see also Fig.1,

oft1(3) = au(g), 1<j<m—1, (4.34)
ofu()=af-1), m+1<j<i+l, (4.35)
ofii(m) =1+1. (4.36)

By virtue of (4.34) and (4.35), we have

Aab(071) = Aus(01), Hap(ofpy) = Hay(oy) for (a,b) € Iym-1 (4.37)
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Awp(01) = Aa1,6-1(01), Hap(07}1) = Ham15-1(01) for (a,b) € Im+1,l-|i1-
4.38)

Next, by virtue of (4.34)—(4.36) and (4.17) we obtain for (a,b) € Jf};l’i“

Aab(0T21) = [6ap-1(00) + pryalt = Agp-a(00), (4.39)
and let us denote

Eab(al) = Il'1~111 ma’x{gm(a)(t)7 fa’l(b)(Aab(al) I t)} (440)
0<t<Aqp(0y)
Although Aab(al) and ﬂab(al) have to be calculated for (a,b) € Jff,ﬁ.b_l, we decide
to calculate H,p(oy) for all (a,b) € Iy, employing the obvious inclusion Ji%, _, C
i, m=1,...,14+ 1. This can be done at the beginning of the [ + 1-st iteration
in a time O({%w).
H(o7},) can be found from (4.14) by maximization max, p)er, ,,, Hab(07};).
Let us decompose the set I ;41 into six subsets in the following way

L1 = Dme1 U g pn U TP UL G gttt g {(m,m)} (441)

and consider the problem of maximization separately, according to the sets listed
3

Due to (4.37) we have

max Hg(oh) = H = Ry 4.42
(alb)ell,m—l b(al+1) (a,b;:g?‘lj,(m—1 a‘b(al) 1 ( )
where
= Hay(o1). 4.43
! (afgl)%);u (1) (4.43)

Since I1; = I1,j—1 U J{%_; U{(4,4)}, then

Rj = max{ max Hab(Ul), max Hab(O'l),Hjj(O'l)}

(ab)€n ;2 (a,b)ejf’]j_l
=max{R;_1, max Hg(o1),H;i(o))}, j=1,...,1L (4.44)

(a,b)EJf’Jj_1

Clearly, Ry = 0 and ‘J{fj_l‘ = j — 1. Observe that R;, j = 1,...,[, does not
depend on m and can be found recursively on the base of o; in a time O(l%w),
only once at the beginning of [ + 1-st iteration.

31t is naturally assumed as maxicaa; =0if A = 0.
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The second problem of maximization, due to (4.38), can be written as

max Ha a-m f—] max Ha or) = - 4.45
(a:b)€lmt1,041 o(911) (a,b) €L b(o)) =@ ( )
where
= Jaax. Hap(on). 4.46
Q] (@b)el; ab( l) ( )

From definitions (4.15) and (4.33) we have Ij; = I, U Jj;_l'l,l AT
consequence, we obtain

Q; = max{ max Hy(oi), max Hg(or), Hjj(o1)}

(a:b)€L;11, (a,b)GJ;fl'l
= maX{Qm,( max = Hap(or), Hjj(o)}, j=1,0-1,...,1L (4.47)
ab)€Js5;

Clearly, Qi+1 = 0 and lJ;fl’l‘ = [ — j. By analogy to R;, we conclude that
Qj, 7=1,...,1, can be found in a time O(l%w).

Maximizations on sets J{';» ; and JmALHL see (4.41), can be performed in
the time O((m — 1)w) and O((I — m + 1)w), respectively.

Next, consider the maximization on the set J{?;l’{"'l. Observe that by (4.40)
we have

max Hep(o},) = max max Hop(o7}q)
(a,b)eJl"j;l_‘{H 1<iSm—1 (g pyg jmt1i+!
= max max Hg(o))= max U, = 4.48
1<i<m—1 (ap) el ab( l) 1<i<m—1 m my ( )

where Vi= Ifl-’ﬁl =0 and

U; = max Hy(op), i=1,...,5-1, j=2,...,L (4.49)
(ab)eJ?}

The values U;; can be found reccursively using the following dependence

Uij-1= max ﬁab(al) = max ﬂab(al)
(a,b)egi (a,b)€JU{(i,5-1)}
= max{Hf;;_1(o1),U;;}, i=1...5-1, j=4L1-1,...,2 (4.50)

All values of U;; can be found in a time O({*w), whereas all V}, j = 1,...,l+1,
in a time O(I?).
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Finally, maximization on the set [; ;41 can be found as

H(of};) = max Hgp(o}) = max{Rm—1,8@m,
(a,b)El 141
max  Hgp(o™,), max  Hgp(oTt1), Vin, Hmm(00%1)} (4.51)
(ab) €I, (fi) (ab)eTmit? (0T31)1 Vi w

in O(lw) time. Since the values R;,Q;,V; are calculated in advance, hence all
H(of,), m=1,...,1+ 1 can be found in O(I%w) time.

At the end of this section we briefly summarize the main steps of algorithm
INS/E. We generate a sequence of permutations in the same way as in INS. For the
permutation o7 we calculate additionally the values R;,Q;,V;, j =1,...,1, from
(4.44), (4.47), (4.48)—(4.50), respectively. Then we calculate the values H(o7},)
using (4.51). The computational complexity of algorithm INS/E is O(n’w).

Local search

The local search method works in a neighbourhood N (7) of 7, which contains a
set of permutations obtained from 7 using for example job interchanges, pairwise
interchanges or insertions. The neighbourhood is entirely searched in order to
find the best permutation (in terms of the goal function value). Many recent
researches have suggested that the so-called insertion neighborhoods are highly
recommended for the problems with minimax criteria. These neighborhoods can
be defined using the insertion move. The move (z,y) is a pair of positions 1 <
z <n,1 <y<n,z#y. This move when applied to the permutation 7 generates
new permutation 7, .y in the following way: if z < y then the job 7(z) is deleted
from the position z, the jobs 7(z + 1),...,7(y) are shifted to the left by a single
position and job 7(z) is inserted in the position y; if z > y then the job 7(z)is
deleted from the position z, the jobs 7(y),..., 7 (2 — 1) are shifted to the right by
a single position and the job 7(z) is inserted in the position y. For the problem
1||/hmax, we propose some specific neighbourhood. Let (u,v) € I}, be a pair which
maximizes the formula (4.14) for the given 7. The neighbourhood U(x) of = is
defined as follows

UT) =Tyt u< T <VPU{T(gq) : u<z < v} (4.52)
Exceptionally, if v — u > 1 then we set U(7) = {(u,v)}. This form of the
neighborhood is justified by the following theorem.

Property 4.2. For any permutation v = (y(1),...,7(n)) such that y(u') =
m(u), 7(v') = 7(v), & <0 {w(u+1),...,7(v = 1)} C {y(v' 4+ 1),...,7(v' = 1}
we have H(y) > H(r). O
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Proof. It is clear that Ez:ul, Py(s) = >t Pr(s)- Therefore

=U

v'—1 o—F
Aurr(7) = [Py = dyor) + D Poo)]" 2 [Prw) = drw) + D ()] = A ().
) ) (4.53)
In consequence, we obtain
H(y) 2 How(v) = moin  max{gw)(t), fyw)(Buw(7) = 1)}

> osénAifL " max{gy(u)(t), fr(v)(Duw(T)— 1)} = Hyy(r) = H(r), (4.54)

which completes the proof. m

‘From Property 4.2 it follows.that insertion moves such that: (a) z,y € {u +
L...,v=1},(d)ze{l,...,u-1}, z<y,(c)ze{v+1,...,n}, y <z, are
“non-promising” if we take account of the immediate improvement. From among
the remain (“promising”) moves we selected a subset used in construction of the
neighbourhood (4.52). This subset guarantees the connectivity property for U(r),
which offers the “possibility” of finding an optimal solution by repetition of the
local search method.

Property 4.3. For any 7! € II there exists a finite sequence of permutations
wl,...,n" such that 7**! € YU(x?) for i = 1,...,7 — 1, and 7" is an optimal
permutation. O

Proof can be obtained by analogy to that from Section 3.1.

The neighbourhood % (7 ) contains at most O(2(v—u—1)) new permutations?,
and hence can be searched in a time O((v—u)n?w). In order to speed up searching,
we propose some method of calculations’ reduction.

The method will be outlined for moves to the right, i.e. (z,v), u <z < v,
since moves to the left can be analysed by analogy. Denote the move performed
by (z,v) and set o = T(s,v)- BY the definition we have

o(f)=n(j5), je{l...e —1}U{v+1,...n}, (4.55)
o(j)=n(G+1), 2<j<v-1, (4.56)
o(v) = (). (4.57)

*Two moves (z,y) and (y, z) provide the same permutations m(s,y) = 7(y,z). Therefore, in
order to avoid redundancy, one of them will be eliminated from ¥(r):
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In consequence of (4.55) and (4.56), we have
Agp(0) = Agp(m), Hap(o) = Hup(m) for (a,0) € 1 g1 U Lyt1,n, (4.58)

'Aab(a') = Aa+1,b+1(7'l'), Hab(O') = Ha+1,b+1(7r) for (a, b) € Ia:,v—l- (459)

H(o) can be found from (4.14) by maximization max(,)er, Hap(o). Let us
decompose the set Iy, into subsets in the following way

I =hp-1ULp1a UL o UIPELT U IR U st ugie U T2 R uf(v, v)},

(4.60)

and consider the problem of maximization separately, according to the sets listed.
Due to (4.55) we have

max Hg(o)= max Hy(r)= Ry, 4.61
(ab)€n 71 b( ) (ab)EL g1 b( ) ! ( )

where R; is defined by (4.43)—(4.44) (for 7 instead of 0;). For all moves to the
right we require the values R;, j = 1,...,v — 1, which can be found in a time
O((v - 1)%w).

Similarly, due to (4.55) we have

max  Hy(c)= max Hgl(r)=0, 4.62
(ayb)GIv+1,n b( ) (a1b)€Iu+1,n b( ) Q e ( )

where Q; is defined by (4.46)—(4.47). For all moves to the right only single value

Qu+1 is realy needed, which can be found in a time O((n — v)*w). Note that, by

symmetry, for moves to the left we will require the values @);, j = u,...,v — 1.
Next, due to (4.56) we have

o bgréz};xv_l Hup(o) = i bgrée})il Hp(7) = Ppys. (4.63)

Since Iy = Ijt1, U J;}"l’” U {(4,7)}, we obtain

P; = max Hg(r)=max{ max Hu(r), max Hu(r),H,;;(r)}

(a,b)€l}y (a,b)€ljt1,0 (a’b)e‘]jfl,v
= max{Pjy1, max_ H(r),Hjj(7)}, j=v,v—1,...,u (4.64)
byegithe
where P,;; = 0. Since for all moves to the right we require the values P,
J =1,...,v, the time needed is O((u — v)%w).

Now consider maximization on the set Jf:i’? By virtue of (4.55) we have

max Hab 0)= . max Ha T :Wz‘_ 465)
(ab)erytlr ) (ab)erytin o(T) 1 (
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where
W; = max Hap(m) =max{ max Hy,(r), max Hy(r
2 (a,b)eleij-l,n (a,b)e-];);;-i’ln a ( ) (a,b)EJJ“l;-Ln a ( )}
= max{W;-1, max Hg(7)}, j=1,...,0—1, (4.66)
(a,b)eJJ'.’j‘H'"
and Wy = 0. The required values W;, j = 1,...,v — 1 can be found in a time
O((v - 1)w).

Maximizations on the sets Ji | and Jufb™ can be performed in a time
O((v-1)w) and O(gn — v)w), respectively. Unfortunately, maximizations on the
sets Jy 1 and J;’I_’f cannot be simplified and require O((z — 1)(v — z)w) and
O((v - z)(n — v)w) time.

Finally, we obtain

H(o) = max{Rz—1,Qu+1, Pry1, Wz_1, max Hey(0),
(ab)egye_udedtn

,U

max Hop(0), Hyp(o)} (4.67)

(ab)edytugitln

z,v—1

At the end of this section we briefly summarize the main steps of the single
neighbourhood search using moves to the right. For the permutation = we calcu-
late additionally the values (Rj, j = 1,...,v— 1), Qu41, (P}, j = u,...,v), (Wj,
j=1,...,0—1) from (4.43)-(4.44), (4.46)—(4.47), (4.64), (4.66), respectively.
Then we calculate the values H (o) using (4.67).

Descending search

It has been verified experimentally that the priority rules for the problems with
irregular criteria have significantly worse intuitive justification and provide al-
gorithms of poor performance. Threfore many authors have appended various
descending search (DS) supporting proceduresm to the aforementioned rules. To
evaluate the quality of such an approach to the problem stated, we also design
an algorithm of this type.

The proposed DS algorithm starts with a given permutation 7 and searches
at each iteration the neighbourhood U(7) of 7. If the permutation better than
H(7) has been found, this permutation replaces 7 and the process of generating
the neighbourhood is repeated, otherwise the algorithm ends its activity. The
number of iterations performed by the algorithm DS is a priori unknown. The
starting permutation for the algorithm DS can be found by any method.
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Tabu search

In this section, we refer only to the basic version of this approach, see Section 2.3
for details. The procedure for solving our problem by means of the proposed al-
gorithm consists in starting from an initial permutation = and searching through
its neighbourhood U() for a permutation o € U(7) with the lowest cost H (o).
Then the search repeats from a new starting permutation found as the best, and
the process is continued. To avoid cycling, becoming trapped into a local opti-
mum, and to guide the search to “good regions” of the solution space, a memory
of the search history is introduced. We employ only the tabu list that records
the selected attributes of subsequently visited permutations, treating them as a
form of prohibition for the future search.

The used tabu list is represented by the cyclic list 7' of the length maxt.
An element of T is a pair of jobs (g,h), g,h € N. The list is initiated by
empty elements. The new element introduced to T replaces the oldest one. Each
move, performed from a processing order w, introduces to 7' the single element
(r(z + 1), 7m(z)) if the move (z,v) has been performed or (w(z),7(z — 1)) if the
move (z,u) has been performed. The move (g,h), g < h, has the tabu status if at
least one pair (7(g),7(k)), k = g+1,...,h, belongs to T. The move (g,h), g > h,
has the tabu status if at least one pair (7(k),7(g)), K = h,...,g — 1, belongs to
T.

Let m* denote the best permutation found up to the current iteration. The
move to be performed is selected as the best one among all non-prohibited moves,
and prohibited moves with the cost lower than H(7*). If there are no moves
satisfying the required property (a very rare situation) we add the empty move
(0,0) to T" and next repeat the selection until a move has been chosen.

Algorithm stops its activity after the given number of iterations. The starting
permutation for the algorithm TS can be found by any method.

4.2.3 Experimental analysis

Algorithms PA, INS, PA+DS, INS4DS, INS+TS have been coded in Pascal, run
on PC 586/90 and tested on random instances. Algorithm INS was implemented
in its efficient version INS/E. The symbol A+DS means that algorithm DS was
started from a permutation found by algorithm A. Algorithm TS was run from
permutation found by INS, with mazt = 8 and iteration limit 50 for n < 50 and
100 in other cases. Since there are no standard benchmarks for considered prob-
lem, we generated some tested instances in the following way: p;, r;, d;, vj, w; as
the integers with uniform distribution in intervals [1,100], [0, nk], [0,nk], [1,5)],
[1,5], respectively where k = 16,...,25. For each chosen n = 10,20,40, 80,100
and k = 16,...,25 a sample of 10 instances was generated. We found experimen-
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tally that the chosen range of k provides particularly hard problems. Thus 500
instances were tested. For each instance and for each algorithm A the values of
relative performance error

= (H(r*) - H)/H, (4.68)

where H = min{H(r4): A € {PA,INS,PA+ DS,INS + DS,INS + TS},
were calculated. Algorithms were evaluated from two points of view: the mean
relative error 7 and the mean running time. Results of comparison are shown
in Tables 4.1-4.3. Table 4.1 present the mean running time for instances of
the given size. Table 4.2 contains mean values of errors 4, and mean numbers
of neighbourhoods searched by DS in combination with INS and PA (denoted
as ITINS and IT PA, respectively). Table 4.3 repeats the results from Table
4.2 however, classified, according to the range k£ used in generation of random
instances.

The results obtained are surprising. The classical priority rules tested are
completely useless (mean error about 250 percent). Moreover, this error strongly
increases if the size of instances increases. On the other hand, the insertion
technique TN S provides results with the mean error about 45 percent. This
error also increases with n, but the increase is rather weak. A variation of the
error is dependent on k, see Table 4.3. Although the error n’V5 remains too
high, if we take into account the priority algorithm PA, then it can be accepted
as “relatively good solution obtained within a reasonable time”. Two remain
methods based on the descending search technique provide results of execellent
quality (see %, A€ {INS+ DS,PA+ DS,INS + TS} in Table 4.2), however
PA+ DS runs in a longer time than NS + DS. Observe that in this case the
error IVS5+DS weakly depends on the instance size. Algorithm DS started from
PA, performs about twice iterations more and provides worse results than the
combination INS + DS. Algorithm INS + TS is the absolute champion with
respect to the solution performance.

4.2.4 Conclusions

The experimental analysis performed shows that only insertion technique and
local neighbourhood search technique are those which can be recommended to
construction of approximation algorithms for problems with min-max irregular
criteria. An approximation algorithm based on these approaches has been pro-
vided and experimentally shown to be much better than other known approaches
when both running time and solution quality are taken into account.

The appraoch proposed can be extended in an easy way to a single produc-
tion cell model as well as problems with more general production structures,
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Table 4.1: Mean solution times (in sec) on a PC 586/90 (each entry refers to 100 instances
of the given size)

CPU time Neighbourhoods
n INS DS ITINS IT PA ITTS
10 0.01 0.00 2.03 5.32 50
20 0.01 0.01 4.86 12.39 50
30 0.06 0.05 9.43 21.21 50
40 0.12 0.11 14.25 30.58 50
50 0.23 0.22 19.92 41.08 50
60 0.41 0.39 25.76 49.85 100
70 0.65 0.62 29.90 59.92 100
80 1.01 0.93 37.09 70.94 100
90 1.41 1.33 43.43 80.71 100
100 1.91 1.80 51.45 94.30 100
INS : * mean time of INS,
DS :  mean time of a single search of the neighbourhood N (),
ITINS : mean number of neighbourhoods searched by algorithm INS+DS,
IT PA : mean number of neighbourhoods searched by algorithm PA+4DS,
ITTS :  the number of neighbourhoods searched by algorithm INS+TS.

Table 4.2: Mean relative error of algorithms (each entry refers to 100 instances of the
given size)

Mean 7

n PA INS PA+ DS INS+ DS INS+TS
10 133.27 13.33 0.91 1.98 0.00
20 191.36 27.43 0.77 2.21 0.00
30 233.86 36.02 1.22 2.30 0.00
40 242.67 43.96 2.05 1.72 0.00
50 259.80 47.55 3.52 1.63 0.06
60 262.62 52.14 3.03 2.17 0.01
70 271.52 53.20 4.09 3.04 0.00
80 274.06 59.00 4.69 3.88 0.00
90 284.95 59.18 7.59 3.40 0.00°
100 289.63 61.27 6.65 2.90 0.00

all 244.37 45.31 3.45 2.52 0.01
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Table 4.3: Comparison of algorithm performance in groups of random instances for
k =16...26; each entry refers to 80 instances, 10 for each size n=10, 20, 30, 40, 50, 60,
80, 100

Mean n*

k PA INS PA+ DS INS+ DS INS+TS
16 204.01 29.67 2.63 1.93 0.03
17 198.71 29.90 2.92 1.26 0.00
18 199.95 31.67 2.32 2.68 0.00
19 204.35 36.60 3.69 2.07 0.02
20 210.40 33.14 3.93 2.20 0.00
21 191.17 36.86 1.24 1.27 0.00
22 195.79 39.46 2.35 2.31 0.01
23 190.90 40.20 3.16 2.09 0.00
24 180.52 39.26 1.57 2.05 0.00
25 19141 41.77 2.04 2.59 0.00

see Grabowski and Smutnicki [110], Smutnicki [291, 299, 300]. These extensions
preserve the reduced neighbourhood structure, the possibility of accelerating the
search and the computational complexity O(n’w) of finding the criteria value for
a given solution 5. So really, the single neighbourhood search is still considered
as disquitely high that makes hard the application of this algorithm to greater n.
One can hope that the approach of Garey et al. [78] can be extended and applied
to this case in order to reduce this cost to O(nlogn) per single solution (at least
for some special cases). Futher research need to be made in this subject.

4.3 Total and extended E/T penalties

To show how other E/T penalties can be embedded in JIT systems, we consider
the already known single-cell performance delivery model, however with quite
different penalty function.

Consider a cell having m machines, and let M = {1,...,m} be the set of
these machines. The set of n parts ' = {1,2,...,n} has to be processed by
this cell. Each part j € N requires a single machine for processing, owns the
processing time p;; > 0 on machine 7 € M, and has the delivery interval [r;, d;]
within which this part has to be completed in the ideal case. Each part can be
performed on any machine from M. Once started, a part cannot be interrupted.
Each machine can execute at most one part at a time, each part can be processed

SThis cost is O(n) for most of classic problems with a regular criterion.
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at most on one machine at a time. A feasible schedule is defined by a couple of
vectors (S,T), S = (S1,..-,52), T = (1, ..,tn), such that the above constraints
are satisfied, where the part j is started on machine t; € M at time §; > 0 and
is completed at the time C; = §; + py,;-

In this section we use the measure based on total weighted deviation from
delivery interval, namely

> (wila; = Cit + wi[Ci — b5]T),. (4.69)
N

We wish to find the feasible schedule that minimises (4.69). Note, if a; = b;
and v; = w; the measure (4.69) can be simply written as 3 ;c\ w; |Cj — bj|.
Garey et al. [78] made additional assumption that w; =const and then they
considered the single machine problem with the latter measure, see problem with
total discrepancy. We also refer to Section 3.1 for the notions: machine workload
(NV;,t € M), machine processing orders (7;,7 € M), overall processing order r,
set of all processing orders II. The feasible schedule (.5, T') generated by 7 implies
t; =1,5=1,...,n; 1 € M. Appropriate starting times § = (S1,...,5y) follow
from the optimisation problem

H(r)= i, j%;/(vj[aj — 51t + w;[C; - b;]F) (4.70)

with the set S(7) introduced by constraints (3.4). In the context of consider-
ation from Section 3.1, the problem can be decomposed into two subproblems:
(1) find the processing order w € II, (2) for the given 7 find the minimal crite-
rion value by solving (4.70), (3.4). Clearly, the best processing order from II is
looked for. However, each such a processing order need to be evaluated in more
complex manner. Similarly as in the Section 3.1, for fixed 7 the problem can be
decomposed into m independent single-machine subproblems. Next, each single-
machine subproblem can be written as a LP problem and then solved. However,
for the single machine case there exists a polynomial-time algorithm, Smutnicki
[291]. Also the method provided by Garey et al. [78] can be adapted to this case,
that ensures the competitive computational complexity O(n;logn;) for a given
s

As to the searching for the optimal (best) processing order, one can propose a
local search algorithm, for example by using SA method with the neighbourhood
V(m). Indeed, it should work. However, the expected significant reduction of the
neighbourhood size is not possible in this case since neither Property 4.2 nor its
extensions hold. Hence, having in mind a disadvantegous influence of the too
big move set on the behaviour of SA algorithm, see Section 3.1, we propose to
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employ the move set

Uty = J | i) (4.71)

JEN iEM

where the sets U;;(7) are defined in the following manner. If 7 = ¢; > 1 then
Ui ={(4,1,t;—1)},if ¢ = t; = 1 then Uj; = 0. If i # ¢; then U;;(7) contains only
the single move (7, 1, y) selected from the set V;;(7) so that Sri-1) < (r5+d;)/2 <
Sri(y)» Where §; are job starting times found for the processing order 7. The set
U(m) contains mn — 1 moves, posseses the connectivity property (its proof can
be performed by analogy to that of Property 3.10) and is significantly less than
V(r).

Also TS with V(x) is not too promising since it requires a time O(n3logn)
per single neighbourhood search. TS with U(7) is much more justified from
this point of view since it requires only O(n?mlogn) time per neighbourhood.
Unfortunately, currently there are not good and simple ideas how to reduce su-
perfluous calculations in order to accelerate the TS speed. Further research need
to be made in this subject since these computational complexities are considered
as disquitely high in the context of local search methods.

Extensions of this approach to more complex (general) production structures
immediately lead to LP models (assuming linear penalty function) constructed
separately for each fixed processing order, see for example Toczylowski [319].
Since many processing orders need to be considered by means of a local search
method, an algorithm of this type must solve at each iteration an LP program (at
least one per neighbourhood for SA method, and many of them for TS method)
of the size proportional to the number of parts that flow through the system. As-
suming that a move introduces only a small perturbation of the current processing
order, none can hope that the new LP problem (for the descending processing
order) can easily be found by modyfing solution of the oldest one. Even if such
a method is found, the cost of the local neighbourhood search will remain large.
From this point of view, the SA or SJ method is much more preferable than TS.

The decision which type of the E/T penalty can be applied in each particular
case depends finally on the user. Nevertheless, one can observe that problems
with total E/T penalties are much more troublesome than those with max E/T
penalties from many points of view. On the other hand, total penalty may be
better economically interpreted (WIP, storage, capital costs, etc.). Let us come
back to the fundamental role of the E/T penalty function, which is guidance
of solutions towards the target of meeting exactly all delivery dates required.
Consider the problem of minimizing n independent criteria h;(S5;) each with the
target zero. To obtain the effective solutions (Pareto optimal), a scalarisation of
these objective functions is required. Because of nonconvexity of the problem,
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the function e.g.
max p;h;(S;) + € Y h;i(55) (4.72)
JEN e
can be proposed. Observe, the problem obtained in this way is relative to this
with sum and that with maz E/T penalties. Although the goal function (4.72) is
much more complicated than each of its term, assuming ¢ sufficiently small, we
can propose a two-phase solution algorithm. In the first phase, there is searched
the good solution of the problem taking into account only maz term. To this end
the method from Section 4.2 can be applied. Next, starting from the solution
obtained in the first phase, search is continued, however with the use of the whole
criterion (4.72).



Chapter 5

Work in process reduction

5.1 Introduction

The philosophy of JIT forces the reduction of wastes associated with holding
semi-products and products in the system. This can be obtained among others
by the reduction of times lost by items (products) waiting in queues for processing
centres. Each product waiting in the system creates superfluous in-process inven-
tory, which the JIT strategy should minimise. If each product is manufactured in
unique way (on an appropriate machine), then instead of reducing the volume of
in-process inventory, we can reduce the WIP cost assuming that this cost depends
on a product (it is constant for a product but varying for various products) and
on a product waiting time (it linearly depends on the waiting time). Moreover,
we assume the strategy of delivery in which each product must be delivered not
later than the given time moment. In this chapter we present an approach, using
a case study, which can be applied in order to solve the selected problems of this
type.

Consider a flow manufacturing line having m stages, single machine at each
stage and FIFO service rule in queues for all machines. This model known in the
literature as flow-shop problem has good industrial application in many chemical
branches [330, 331]. This line should deliver n different products and each of
them has to meet its due date d;. (Cyclic manufacturing and repetitive products
can be modelled and solved due to high generality of this model.) Each product
flows downstream the machines 1,...,m in that order, and the product j spends
the time p;; on the machine 7. Each machine can execute at most one product
at a time. Processing of a product on a machine cannot be interrupted. We
wish to find starting the times .5;; of products on machines such that the total
cost of holding work-in-process is minimal. This cost is simply equal to the total
(weighted) time spent by all products in the system, Fig. 5.1. Observe that the
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optimal schedule need be neither compact nor shifted to the left on the time axis.

We will show that this problem can be analysed and solved using tools from
OR field. First, employing its forward-backward symmetry, we will show the
equivalence of this problem to some classic scheduling problems. Next, we provide
a wide theoretical analysis of algorithms recommended for the latter problem. A
new related theoretical results will also be pointed out.

On the base of original data n, m, p;;, d;, we introduce a new problem with
data indexed by “prime”. We define a problem having m’ = m machines, n’ = n
products, processing times p}; = pm—i+1,; and product ready times 1‘;' = D - d;,
where D = maX;<j<n d;j. One can say that the latter problem has been obtained
by “inverting” the former one, see Fig. 5.2. The original waiting time of the
product j is equal to W; = d; — S1; — > ivq Pi,j, whereas in the new problem
is equal to W/ = C, . —r} — 3770, pi ;, where CJ; is the completion time of the
product j on machine . Moreover we clearly have W]' = W;. Hence, instead of
minimising the (weighted) sum of W;, we can minimise the (weighted) sum of
W} in the transformed problem. The latter problem is known in the scheduling
theory as the permutation flow-shop problem with ready times to minimise total
(weighted) completion times, and can be transformed to the problem of minimis-
ing (weighted) completion times without ready times, because the sum of ready
times provides a constant not having any influence on the optimal processing
order. Finally, we obtain the equivalence between the former problem and the
permutation flow-shop problem with the weighted sum of completion times (if
costs of holding are different for various products) and the mean completion time
(if cost of holding is the same for all products). These two pure problems will be
discussed in detail in the next sections.

5.2 The flow line scheduling problem

The considered flow manufacturing line with m stages, single machine at each
stage and FIFO service rule in queues for all machines can be modelled by the
problem called in the scheduling theory the permutation flow-shop problem. It
has the following mathematical formulation expressed by conventional notions.
The set of n different jobs should be processed on m different machines. Each job
j,j € J ={1,...,n} passes through the machines 1,2,...,m in that order and
requires an uninterrupted time p;; for processing on the machine ¢,7=1,..,m 1
Machine 4, ¢ = 1,..,m, can execute at most one job at a time and each machine
processes the jobs in the same order. We wish to find the optimal job processing

Tt is assumed that a zero processing time on a machine corresponds to a job performed by
that machine within infinitesimal time.
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order (represented by a permutation 7 on the job set J) which minimises the
given criterion K.

From among many regular criteria defined for scheduling problems we con-
sider only these used in the analysed algorithms, i.e. the weighted sum of comple-
tion times (Csum), the mean completion time (Csum), and the makespan (Cuax),
defined as follows

Csum(ﬂ') = Z ’U)W(]‘)Cm,,,(j), (5.1)
=1

Cmax(ﬂ') = IIS?SXR C'rmr(j)a (52)

where

T Js

Cin(j) = max - 5.3
O ™ 1<io i Seiima <G < ; t =JZ_ Sorld (53
is the completion time ofthe_job 7(j) on the machines,j =1,...,n,2=1,...,m,

see, e.g. [99]. The criterion Cur, is a special case of (5.1) such that w; = 1/n,j=
1,...,n. Note that (5.1)—(5.2) suffice to model a fairly broad class of scheduling
criteria, e.g. these based on completion times, flow times (assuming that all
jobs are available at time zero), job waiting times, machine idle times, machine
utilisation, etc.

5.3 Algorithms performance

The stated problem is strongly N P-hard for Cpax (m > 3) and Csum, Csum (m >
2) criteria, therefore a few exact and a lot of approximation algorithms have
been developed to provide a good solution in a short time. Almost all exact
algorithms are based on various B&B schemes, although few MILP models have
also been considered without a great success. In practice, these algorithms can
solve problems up to 50 jobs and 5 machines in a reasonable time 2. Therefore,
approximation methods remain still the most popular solution methods. For the
criterion Crax there are constructive methods [35, 52, 124, 148, 212, 239, 264),
and improvement methods [43, 52, 59, 140, 153, 231, 234, 237, 262, 314, 334, 336].
The respective methods for Cyym and Ceum one can find in [79, 140, 141, 144, 164,
183, 203, 204, 253, 254, 255, 256, 257, 58]. Two last papers deal with a multiple
objective version of the problem — they consider simultaneously Cmax and Cum
as well as other scheduling criteria.

Experimental analyses have been done for all afore mentioned algorithms,
however the worst-case analyses have been performed only for the constructive

2Some problems having 50 jobs and 5 machines remain still too hard.
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algorithms C DS [35], RA [52], P [239], RS [264], NEH [212], HR [148], G [124],
TG [183], HK [144] and for the improvement algorithms RACS and RAES [52],
see papers [219]-[228], [264], or Table 5.6. Besides theoretical implications, the
latter analysis confirms the known experimental result that the insertion algo-
rithm N EH can be considered as the champion among constructive algorithms
with the criterion Cp.x. Based on conclusions derived from the insertion ap-
proach, there have been proposed several improvement algorithms with very good
performance verified in computer test on standard benchmarks up to 10,000 op-
erations.

Known approximation algorithms recommended for the permutation flow-
shop problem with the weighted sum of completion times have the worst-case
performance ratio indefinite, or definite but not limited by a function of the in-
stance size. We propose three new algorithms with these ratios equal m, [m/2]pa,
and [m/k]|pk, where py is the worst-case performance ratio of an algorithm solv-
ing an auxiliary k-machine problem. Some results of the worst-case analysis for
several other approximation algorithms with various scheduling criteria have been
also presented. The results obtained supplement research from papers [219]-[228].

5.4 Algorithms

In this section, we briefly outline only these known algorithms which will be
analysed in the next sections. New algorithms will be presented together with
their analysis. '

Many approximation methods developed for flow-shop problems refer to job
waiting times, delays between jobs, gaps, job matching, or job fitness, e.g. the
improving algorithm HC proposed in [140] for the permutation flow-shop problem
with a general scheduling criterion, and experimentally investigated using criteria
of the mean flow time, mean utilisation and makespan. This algorithm is based
on a gap notion. Although, in our opinion, the philosophy of gaps has its origin in
makespan problems, HC has been formulated and recommended for any regular
criterion. The overall revised gap is defined as df} = Ezl:_lldf-‘j&fj, where dfj =
Dk+1,; — Pkj is the gap and

1 if db>0
k=~ 1 = .
% {0.9@,;—{“_;—%0.1 if df <0 (5.4)

4]
is the discount factor, ¥ = 1,...,m — 1, ¢,7 = 1,...,n. Partitioning the set
{1,...,m — 1} into subsets M;; = {1 < k < m : pgy1,i > pr;j} and L;j; = {1 <
k < m:pgy1: < prj} we can rewrite df; in another equivalent form that will be
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more convenient for our applications

E:d”+——-—z:d(m 2-k+1)+01 ) df

keMﬂJ kEL;] k'eLzJ
m—1
= 3 Zd(k—l > Prari— Zpkg
kGMijUL,J kGL,] k=1
9 » -

—— > di(k=1) =t —ap™! - Z(k—l)(pm,z pi;) (5.5)
keL;; kEL,J

where a7*™! = E;":_ll pst,b;“_l = EZ;_]_lpm_s+1,t, t = 1,...,n are processing

times of the (m — 1)-th auxiliary two-machine flow-shop employed by the al-
gorithm C'DS. Observe that the last sum in (5.5) can be performed over the
redefined set L;; = {1 < k < m : pgy1,; < Px;} since the element for k =1
has the weight of zero. Algorithm HC can be written in the following compact
form. Let m = (v(1),..,m(n)) be an initial permutation on J. Denote by 7,
the permutation obtained from 7 by interchanging jobs in the positions z and y.
Set initially a = 1,b = n.

Algorithm HC
1. If b= a + 2 then set 77¢ := 1 and stop.

2. Find values X,Y and indices g,k (@ < g < b,a < h < b) such that X =
R . — —. A s
c‘lﬂ(a)ﬂ(g) = max{dﬂ(a)w( e <J<bhY =dipyap) = mm{df(j)r(b) ta<
J <b}.
. HE(X>0) VY <O)A(X|>YD) VX <0)A(Y >0)A(X]| L [Y))
then go to step 4, otherwise go to step 5.

4. Set a:=a+ 1. If K(m(,q)) < K(r) then set 7 := 7(,4). Go to step 1.
5. Set b:=b—1. If K(m(np)) < K(m) then set 7 := m(j,3). Go to step 1.

At each iteration of HC we need 2(b— a — 1) values of dr(a)w(]) and dW(J)ﬂ( b)?
) = a+1,...,b— 1. Since in every iteration exactly one of two indices a or
b changes the value, the total number of the values dﬁ used in all iterations
is equal to (R —2)4+ (R —3)+...+1 = (n? — n —2)/2. All these values can
be calculated on request. The algorithm HC has the computational complexity
O(n*m) 3 and requires an auxiliary approximation algorithm for preparing the

3The efficient implementation of NEH is also O(n*m), [314]. NEH shows in experiments
very good performance for Crnax as well as for Cym.
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initial permutation. The original version of HC uses C DS (the commonly used
algorithm) with the computational complexity O(mnlogn 4+ m?n) at the start.

CDS selected from among m — 1 auxiliary per-

k

CDS: generates the permutation 7
muatations such that C’max(WCDS) = minwe{wl,...,rm—l}Cmax(W), where 7
is the optimal permutation of an auxiliary two-machine flow-shop problem

with the processing times a,é? = 3 Diss b? =) k1 PiJd=1,...,m,
on machines 1 and 2, respectively, k = 1,...,m — 1.

Any improvement algorithm (thus also HC') can be modified in several ways.
First, using other quick constructive algorithms for generating the initial permu-
tation. To this end, there are proposed either special priority indices [141, 255],
or already known priority functions [124, 239], where a permutation is formed by
arranging jobs in nondecreasing order of priority values

H:vj=3"(m—i+1)py,
P w; = Zﬁl(m — 27 4 1)pz'j,

G: B; = Aj/ miny<icm—1(pij + Pit1,j), where A; = —1if p;; < pj and 4; =1
in other cases,

or other constructive algorithms mentioned in Section 5.4, e.g. [52]

RA: find a permutation which is the optimal processing order of the auxiliary
two-machine flow-shop problem with the processing times a; = > ;% (m —
i+1)pi;,b; = Y%, tp;; on machines 1 and 2, respectively, and the makespan
criterion.

Algorithms G, P and RA have the computational complexity O(nm + nlogn).
The similarity between H and the algorithms P, RA, HR * has been pointed
out in [141]. Second, a supporting improvement procedure is usually added at
the end of the algorithm. There are few, well known types of these procedures,
namely: interchanges of the adjacent pairs of jobs (API), interchanges of the
non-adjacent pairs of jobs (N PI), and insertions (INS) [169]. Although API
reveals serious drawbacks for the criterion Chyax, [226], it still remains the most
popular method of improvement, chiefly for the criteria other than Cpax. (INS
and some of their refined variants are considered as the most recommended for
Crax [231, 314].)

Other approximation algorithms, called hereafter RC1, RC2, RC3, RCo,
have been proposed in [253, 254] for the problem with the criterion Csym. Algo-
rithms RC'1, RC2, RC3 [253] can be interpreted as dynamic priority rules which

*Algorithm H R is a slight modification of P.
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operate on the sets of scheduled () and unscheduled (U = J\S) jobs. Jobs from
the set § form a partial permutation o, and let C;,(4) denote the completion time
of the last job from S on the machine 7,7 = 1,...,m,d = |S|. The partial permu-
tation oj, where j € U, provides completion times of this job C1; = C14(q) + P1j,
Ci; = max{Cis(a), Ci-1,j} + Pij, ¢ = 2,...,m,. Each of these algorithms select a
job k € U to follow o with the least appropriate priority value:

RC1: wj, = Y, max{Ci_14 — Ci (), 0},
RC2: wi =311, |Ci—1,k - C'i,a(d)|7
RC3: wl' =3, |Cic1p — C,',a(d)l + >, Cik

Any ties are broken by choosing the job having the least completion time at the
last machine. The algorithm RCo [254] employs a set of static priority rules.

RCo: generates the permutation 7RC° selected from among m auxiliary per-

mutations such that Caum(rFC°) = min,re{,rly_”’,,m}asm(r), where 7 is
obtained by arranging jobs in nondecreasing order of priority values wi; =
Yo min{m — i+ 1,m -k + 1}p;;.

Algorithms RC1, RC2, RC3 have the computational complexity O(n?m), when
RCois O(nm?). Algorithm RC1 is a special case of minimising between job delays
algorithm K S§2 from [164] 3. In the cited paper, to ensure a better solution
performance, each job is additionally and successively considered as the first job
in the primal partial sequence, i.e. the algorithm is repeated n times, each time
starting from o = (j) for successive j = 1,...,n.

We will also consider a very recently proposed algorithm R for a multiobjective
problem with Cpax and Cgeum criteria [257]. This algorithm consists of three
phases: (1) it starts from 7P3, (2) it applies API procedure to improve n¢0%
using criterion Cmax, and (3) it applies restricted API procedure which accepts
only these solutions that improve either Cpmax Or Csum. Details of the phase (3)
will not be discussed here since, as we will show next, they are of no significance
in its worst-case analysis.

In the sequel, a composition of algorithms A and B, such that the algorithm
B starts from a permutation generated by the algorithm A, will be denoted by
A+ B.

5.5 The worst-case analysis

The data n,m,(p;,t = 1,...,m,j = 1,...,n),(w;,j = 1,...,n), specify an
instance Z of the problem. Denote by II the set of all permutations on J, by

5There are five algorithms in this paper, all based on job delays.
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K(m; Z) the value of a criterion K for the job processing order 7 and the instance
Z. The processing order 7* € II such that K(7*;Z) = mingen K(7; Z) is called
the optimal processing order. Let 74 € II denote a permutation generated by
an algorithm A. The worst-case performance ratio of the algorithm A with the
schedule criterion K is defined as n4(K) = min{y : K(74; Z)/K(7*; Z) < y, for
each instance Z}. In the sequel, the argument Z will be omitted in K(7*; Z) and
K(n4; Z) if it is not necessary.

We will use some simplified notation analysing an instance Z. If the set J
consists of g > 1 subsets (groups) Ji, Ja,...,J, of identical jobs we assume that
each job from a subset J; is indexed by the same index j, 7 = 1,2,...,¢9. In
such a case, the job processing order will be considered as a permutation with
repetitions. Therefore, let 71 denote a permutation on aset I C {1,2,...,g}. We
employ the symbol (77); denoting the s-times concatenation of the permutation
7. To simplify, the index I in 7y will be omitted if I = J. Denote also by [z]
the nearest integer not smaller than z.

5.5.1 The weighted sum of completion times criterion

The aim of this section is to analyse the worst behaviour of various known and
some new algorithms for the criterion Cgy- The following general property pro-
vides a reference level for these evaluations.

Property 5.1. For any 7 € Il and Z, we have

Csum(7; 2) [ Csum(7*;Z2) < 14 (n — 1)(W/w) (5.6)
where
w= IJI]EI}l wj, W= Tax wj. (5.7)
]

Proof. Let 7* be the optimal processing order for the criterion Csym. Ap-
plying the simple job-based bound Cn; > Y-, p;; we get a lower bound of
Csum(7r*)

n

Csum(™*) > Zw *(5) pr*(j Z pzy (5.8)

=1 j=1

Next, using consecutively (5.1), (5.3) and (5.8) we obtain the following sequence
of inequalities

Csum(ﬂ-) = Z War(5) 1<J0<]I111<3’X<Jm<1 Z E Psr(t) < Zwr(]) Z Zpsvr(t)
Jj=1

s=1t=j,_1 s=1 t=1
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n

<D way Y
J

=1 g=1 ¢=1 s=1 i=1

n

w

P = (3 2a)(> wa) < L) (n - Vw4 w)
j=1

which completes the proof. =

The value 1+ (n—1)(W/w) can be arbitrarily large and equals 7 if w;=const,
j € J. Using Property 5.1 we can derive the worst-case performance ratio for the
primal class of algorithms.

Theorem 5.1. For A € {CDS,G, P,RA} we have the tight bound

1A HC (Coum) < 1 (Coum) < 1+ (n— 1)(W/w). (5.9)

Proof. The upper bound in (5.9) follows immediately from Property 5.1.
To complete the proof we will show, using an example, that this bound is tight.

Example 5.1. Let m > 2. The job set consists of two subsets J; and J; with
cardinalities 1 and n — 1, respectively. Weights are defined as w; = w,wy = 7,
where w < W are any numbers. Two processing times are defined explicitly
Pm1 = 1,pm2 = 0. All the remaining (undefined explicitly) processing times are
equal to €, and ¢ is the sufficiently small number such that lim._,g €wn? = 0. ¢

At first, analyse the behaviour of an algorithm A € {CDS,G, P,RA} in this
example. For the k-th auxiliary problem in Algorithm C DS we have af = af =
ke, b* = 1+ (k—1)e, bk = (k—1)e, k = 1,...,m — 1. Therefore all m — 1 auxiliary
problems can provide the same result 7% = (1)1(2)n_1, k¥ = 1,...,n, and thus
PS5 = (1)1(2)n_1, see Fig. 5.3. In algorithm G, we have 8, = —1/¢, 85 = 1/¢for
m =2, and 1 = —1/(2¢),82 = 1/€ for m > 2. It means that G can generate the
permutation 7 = (1)1(2)n—1. Since w; = —m + 14+ (m - 1)e and wy = (m —1)¢,
algorithm P generates 7¥ = (1)1(2)n—1. In algorithm RA, the processing times
of a single two-machine auxiliary flow-shop problem are defined as follows: a; =
14+ em—1)(m+2)/2,bp = m+e(m—1)m/2, a; = e(m — 1)(m + 2)/2, and
by + €(m — 1)m/2. Therefore RA provides 714 = (1);(2),—;. It is easy to prove
that Coum(74) = w + @W(n — 1), A € {CDS,G, P, RA}.

Now apply algorithm HC starting from m = (1)1(2),—1. By virtue of (5.5) we
have revised gaps dft, = 1 — € and d, = —0.1€ since Ly; = 0 and Ly, = {m —1}.
Initially we set @ = 1, b = n. At Step 2 we find ¢ = 2,h = 2. Since X = dff =
1-€>0,Y =dy = —0.1e < 0 and | X| > |Y|, the jump from Step 3 to Step
4 will be performed. This interchange does not cause any improvement, so job 1
remains in the position 1. Further interchanges operate on the set J, of uniform
jobs, and therefore cannot introduce any improvement at all. Finally we have
rAtHC = 14 and Coum(T4YHC) = Coym(n4) for A € {CDS, G, P,RA}. It can
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Figure 5.3: Schedules in Example 5.1: (a) for 74, A € {CDS,G,RA,CDS + HC,G +
HC,P+ HC,RA+ HC?} and (b) for n*

be proved that the permutation 7* = (2),-1(1); is optimal and Ceym(7*) = w +
w(im+n—3)e+W(m—2)(n—1)e+wn(n—1)e/2. Finally, Csum(T417C) | Coun(T*)
tends to 1+ (n — 1)(@/w) if e - 0, A € {CDS,G,P,RA}. u

It follows from Example 5.1 that some modifications of the basic scheme of
algorithm HC are non-perspective from the worst-case point of view. As an
example consider a modified form of Step 2: df(a)w(g) = max{df(a)ﬂ( jrae< i<
b}, dr(nyr(p) = min{df(j)r(b) :a < j < b}. Another “unsuitable” modification
replaces interchanges at Steps 4 and 5 by appropriate insertions. Also observe
that the same result will be obtained if we use algorithm NEH (in its original
form) as a method of finding the initial permutation.

The extremely high worst-case performance error is the direct consequence
of some lacks observed in HC. First, information about p;; and p,; has been
completely ignored in df-:;-, see formulae (5.5). Second, the first and the last jobs
in the permutation have never been moved somewhere, in spite of their evidently
bad location. Third, neither C DS nor P, G, RS (or their variants) should be
recommended for generating the initial permutation since they are specific for
Crnax problems.
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In the context of previous considerations, the following question arises “does
there exist an approximation algorithm for the stated problem with the worst-
case performance ratio bounded by a function of m?”. An algorithm obtained by
natural extension of the well-known single-machine W § PT rule provides the first
positive answer. The next, more promising approach, is offered by an extension
of CDS and by a new decomposition technique T discussed at the end of this

section.
Let us consider algorithm F which generates a permutation 7 by sequencing

the order of jobs in decreasing w;/ > v, pij-

Theorem 5.2. For the algorithm F we have the tight bound
77 (Can) S 8. (5.10)
Proof. By virtue of (5.1) and (5.3) we can write the following sequence of
inequalities

n

Csum(ﬂ-F):Z W (J)1<Jo<J1< <]m<]z Z PsnF (t)

Jj=1 s=1t=js1

s=1 t=1

n m J
<Y Wy D Dok (5.11)
7=1

Since the permutation 7% is optimal for the single-machine problem with pro-
cessing times ) .., Pst, then

n ] m
D wer() DD Parr(n) Z Wre() Z<Z Pores
i=1

t=1 s=1 t=1 s=1

Therefore from (5.11), using the obvious machine-based bound

n J
> Wrr() D Par(t) < Coum()
7=1 t=1

for s =1...,m, we obtain
n J m
Csum(ﬂ'F) < Zwﬂ.*(J Z Zpsﬂ.*(t)) = Z Z Wars(5) Zpsﬂ.(t < mCsum(ﬂ' )
j=1 t=1 s=1 s=1 3=1

To complete the proof we provide an example of the bound’s tightness.
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Figure 5.4: Schedules in Example 5.2: (a) for ¥, and (b) for 7*. All jobs on the machine
i have index ¢ and processing time p;; = 1.

Example 5.2. Let m > 2. The job set J consists of m subsets Jq,...,Jn,
each with the cardinality ¢, where ¢ is an integer. The processing times and
weights are equal to p; = 1,w; = 1,4 =1,2,..., m. All the remaining (undefined
above) processing times are equal to zero. Thus, we have n = mq jobs. <

Since w;/ Y, iv pij = 1 forall j = 1,2,...,m, algorithm F' can generate the
permutation 7" = (1)4(2), . ..(m), and Coum(rF) = (1/2)[¢*m(m — 1) + gm(q+
1)], see Fig. 5.4. One can prove that the optimal job processing order is 7* =
(mym —1,...1), and Ceum(7*) = (1/2)mg(q + 1). Hence Csum(7F)/Coum(r*) =

(m~1)-4 +1 and tends tom if ¢ — co. m

Consider a new algorithm, called hereafter /X, designed for the criterion
Csum using scheme of CDS. We will show that @/X can be better than F
from the worst-case point of view. Let us assume that there is known an ap-
proximation algorithm X for the two-machine flow-shop problem with the cri-
terion Ciym and the worst-case performance ratio 7% (Csum). The proposed al-
gorithm () generates a permutation 79 € {r1,...,7™ 1} such that Ceum(7?) =
Millre (1, xm—1} Csum(7*) where 7% is the permutation generated by the algo-
rithm X for an auxiliary two-machine flow-shop problem with the criterion Csum

; . k _ vk kK — ym o G =
and processing times a7 = X i P b; = diem—k+1Pii» J = 1,...,n, on ma-
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chines 1 and 2, respectively, £ = 1,...,m — 1. Denote by @ the algorithm which
generates the single permutation 7% and by Qx/X the combination of @ with
X . For the k-th auxiliary two-machine flow-shop problem, denote by Z* the k-th
instance obtained from the instance Z, by C;;(Z) and C;j(Z*) the completion
time of the job j on the machine ¢ for instances Z and Z*, respectively. Let
r = [m/2]. To carry out the analysis, we need two auxiliary results, which are

found in Property 5.2.

Property 5.2. For any 7, any Z,any j =1,...,n, and
(a)for k=r,r+1,...,m— 1, we have

Crun()(Z) < Can(3)(25), (5.12)
(b) for k =1,2,...,m — 1, we have
C (7 (Zk)
me(j)(Z) 2 ——2—(11—3:— (5.13)

Proof. (a) Let 1 < up < 43 < ... < up, < J be the sequence of integers
minimising the right-hand side of formula (5.3) for ¢ = m. Then, we obtain

m  us k Us m Us
C‘rmr(j)(Z)=Z Z psw(t):z: Z psw(t)+ Z Z Psn(t)

s=1t=us—3 s=1t=ug—1 s=k+1t=ug_1
E Zpsw(t) + Z Z Pon(t)
t=ug s=1 t=up s=k+1
1<-,,;<*:,?’<z,<ﬁt=2w<§pw>> ﬂitm(s_,;mp”‘”)} Can(i)(2°).

(b) Employing the definition (5.3) for ¢ = m, we can write the following
sequence of dependencies

.
k
Cmﬂ(])(Z) Z 1<io <Jrln<ax<1 <j Z; g ; Psn(t)
s=li=)s
jm—k+i

2 Z:1<,0<h< Lim <J( Z Pin(z) + Z Prm—k+in(t))

t=ji-1 t=Jm—kti-1
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Im—k4i

Z1 <ji—1<Ji max ( Z Pin(t) + Z pm—k+i,1r(t))

Sm—kti—-1SIm—k+i<J .
1=1 v t=ji—1 t=)m—k4i-1

jm-k+i

k
. 2_: 1<5i-1<4i=J e ; Z Pin(r) + Z Prn—keiyn(t))

=Im—k+i—1<Im—k <J .
1=1 mokd mokts t=ji— t=Jm—k4i—1

k

- Z 1<y gil?’)évz<]( Z pur(t) T Z Slaalis W(t))

=1 -—~’Uo t—u1

1<vogiz?')<(v2<]{z(z pwr(t)) + Z(Z Pm—k+i, w(t))} Czﬂ'(])(Z )

t=vg 1=1 t=v; i=1

The first inequality is the direct consequence of a relaxation of job processing
times. Clearly, since 1 < m—k+i+1form > 2,any 1 and any k € {1,...,m—1},
therefore j; < jm—k+i—1. The second inequality follows from the commonly known
fact max;ea a; > max;cqs a; for any A’ C A. Subsequent equality is the result
of a simple substitution vy = ji—1,v1 = Ji, 2 = Um—k+i.- The final inequality
employs the well-known claim ;. , maxjep @;j > max;jeB ) ;c 4 aij. Note also
that E?:l Pm—k+4i,; = Z?;m—k-}l bij.m

The inequality (5.12) provides an upper bound of Cpr+(;)(Z) whereas (5.13)
a lower bound. Now we are ready to formulate subsequent evaluations of the
worst-case performance ratio.

Property 5.3. For algorithms Q/X, we have
(a) tight bounds for k = 1,2,...,7 -1,
X (Coum) < 1+ (n = 1)(W/w), (5.14)
(b)fork=r,r+1,...,m
Frn (B (Coum) < 19X (Coam) < k7 (Coum), (5.15)

where

fm(k) = (5.16)

k? + (m - k)?
—
Proof. (a) Due to Property 5.1, we need only an appropriate example.

Example 5.3. Let m > 2 and r = [m/2]. The job set consists of two subsets
J1 and J, with cardinalities 1 and n — 1, respectively. Weights are defined as
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ma<1:hines (a)

1+{n+1)e

(b)

¢ E ] p ]

. ] [ o

T .
0o 2 ne 1+{n-1+/W) &

Figure 5.5: Schedules in Example 5.3: (a) for #%, k=1,...,r — 1, (b) for =*

w; = w,wy; = W where w < W are any numbers. The processing times are equal
t0 pr1 = 1,Pr2 = €, Pm1 = €W/, Pma = € Where € is the sufficiently small number
such that lim._,o ewn? = 0. All the remaining (undefined above) processing times
are equal zero. ¢

Suppose that algorithm @ has been combined with algorithm X producing
optimal permutation. For the primal 7 — 1 auxiliary problems we obtain a = [,
§=1,2,b% = ew/w, b5 = ¢,k = 1,...,r—1. Each of these problems can be solved
using WS PT rule on the second machine. Since w;/bf = wq/bk, algorithm X

can prov1de 7 — 1 identical permutations 7% = (1)1(2)n_1, k = 1,...,7 — 1, and
Coum(™*) = w + w?e/W + Bne(n — 1)/2 + W(n — 1)(1 + €), see Flg 5.5. One
can prove that the permutation 7* = (2),_1(1); is optimal and Ceum(7*) =

we + Wen(n — 1)/2 + we(n — 1) + w + w?e/W. Hence, Coum(7*)/Coum(7*) tends
tol+w/w(n—-1)ife—0,k=1,...,7—1.
(b) Applying the formulae (5.12) for 7 = ¥ in the definition (5.1), we obtain

C’sum(ﬂ'k; Z)< C’sum(wk' Zk).

By virtue of the deﬁmtlon of 7% (Csum) We have Coym(7F; ZF)/Coum(*¥; ZF) <
7% (Csum) Where 7*F is the optimal permutation of the k-th two-machine flow-
shop problem. Next applying the formulae (5.13) for 7 = 7* in the definition
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Figure 5.6: Schedules in Example 5.4: (a) for 7*, k = r,...,m, (b) for 7*. All jobs on
the machine ¢ have the index ¢ and the processing time p;; = 1

(5.1) we obtain
m

. Ly
Cam(®*; Z) = wa.(j)cm*(j)(Z) > z wat(j)czﬂ(]’)(zk)

7=1 7=1

_ Comuln*; ZF) . Clm(n**:Z%) S Cloom(x™; ZF)
B k - k = EnX(Coum)

Combining two last results we get

Coura(7¥; Z) < k1™ (Coum)Coum(T™; Z)

- which yields the upper bound in (5.15). The lower bound in (5.15) follows from
the example.

Example 5.4. Let m > 2. The job set J consists of m subsets Jy,...,Jn,
each with the cardinality ¢, and ¢ is an integer. The processing times and weights
are equal to p;; = 1,w; = 1,7 = 1,2,..., m. All the remaining (undefined above)
processing times are equal to zero. Hence, the total number of jobs is n = mq. &
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Processing times of the k-th auxiliary flow-shop for k = r,r +1,...,m —1,
are defined as follows: af—lj_12 k,a, =0,j=k+1,...,m b =0, =
1,2,...,m— k,bg? =1lL,j=m-k+ 1,...,m. Assume that nX(C’sum) =1, ie.
every auxiliary problem is solved optimally. Hence X can generate permutations

k= (k+1,1)4(k + 2, z)q A(mym — kYg(m — k 4+ 1)g(m — k + 2)g ... (k)g; and
Clamlz™ = qul + E . kq(kq+ 1)/24+ (m— k)2 ¢?/2+ (m—k)q/2, see
Flg 5.6. The optimal permutatlon is m* = (m,m — 3 1)g, and Coym(7*) =

9_, mi = mq(g+1)/2. Finally, Coum(7* )/Csum(w )tends to [k24+(m—k)?]/m =

fm(k)ifg—co. m

The function f,(k) is nondecreasing, fm(k) > m/2 for any k, and m ~ 2 <
fm(m—=1)<m-1A more precise analysis shows that f,(r) = r-for even m,
and fn(r) = r — (1 — &) for odd m. Presumably, a more extensive research
may provide better lower and/or upper bounds of %%/ X(Cyym), however ‘this
considerable effort will not change the final worst-case evaluation of the a,lgorlthm

Q/X.
Theorem 5.3. For the algorithm @ /X we have the tight bound’

1Y% (Coum) < [m/2]10% (Coum)- (5.17)

Proof. By virtue of Property 5.3 we have

WQ/X(Csuxn) = minlSkSm"?Qk/X(Csum) < T<’Icféi£_1 an(Csum)

= [m/2]7% (Coum)
that implies (5.17). To complete the proof we consider the following example.

Example 5.5. Let m > 2. The job set J consists of r subsets, each with
the cardinality ¢ and ¢ is an integer. The processing times and weights are
equal to pry_ryi; = 1L, w; = 1,0 =1,2,...,r. All the remaining (undeﬁned above)
processing times are equal to zero. The total number of jobs is n = rq. &

Calculation of the processing times for auxiliary flow-shops provides the fol-
lowing results: (a) for k = 1,...,m — 7 we have a;? =054 = 150557 bj? =0,j=

.,k and bk = 1,7 = k+1 r,(b)for k =m—r+1,...,m— 1, we have
a;? =1,7=1,....,k—m+4r, a = 0,] = k~m+r+1,...,randbf =1,5=1,x..5%
Assume that 7 (C’S,,m) = 1, i, e. every auxi]jary problem is solved optimally. In
consequence, X can generate m! = . T = (1)4(2),. . (r)q and 7T =

=11 = (r)1(1)q...(r— 1)q(7')q 1. Hence Coam(m) =Y i= rq(rq+1)/2
and Coum(7™ ™) = 14+ Y07 i = 1 4 (rg - 1)rq/2 < Csum(7?!), see Fig. 5.7
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Figure 5.7: Schedules in Example 5.5: (a) for 7=+ (b) for 7*. All jobs on the machine
i > m — r have the index ¢ — m + r and the processing time pp—ryi; =1

It is easy to prove that the optimal permutation is 7* = (7,7 — »1)q, and
wn(*) = 2L, i = rg(q + 1)/2. Finally, Coum(7™ T+1)/C'5um(7r ) tends to r

ifq——>oo.-

It is clear that algorithm @/X will provide better results if and only if there
exists an approximation algorithm X for the two-machine problem with 7 (Csum)
less than 2. Up to now, such algorithms have been found for a few special cases,
see Table 5.6. Hence, an algorithm X for the general case with 7% (Csum) < 2 is
still looked for.

At the end of this section we propose another, general family of algorithms,
called hereafter T /Y k, which can be better than @ /X from the worst-case point of
view. An algorithm from this family is based on an approximation of m-machine
problem by some k-machine flow-shop problem for £ < m Let mq,...,mk be
a sequence of integers such that m, > 1, s = 1,...,k, E _LMs = M, for some
k< m. Wedefine l; = Y _;ms, 1 = 1,...,k, and lp = 0. The auxiliary
k-machine flow-shop problem has the processing times defined as follows

L
> b (5.18)

s=li1+1
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Although the latter problem is defined in a univocal way by the sequence of
machine aggregations (my,...,mx), for the sake of notation simplicity we will
identify it by means of k. Since this problem for k¥ > 1is N P-hard, we assume that
it is solved by an approximation algorithm Yk with the worst-case performance
ratio ¥ ¥(Csum). Clearly, the proposed algorithm 7'/ Yk generates a permutation
7T/Yk by solving, with the worst-case bound 7¥*(Csum ), the k-machine flow-shop
problem with processing times defined by (5.18). Let us denote this k-machine
instance by fk, and the appropriate job completion times by C;;(Z) and Cj; (7").
Two preliminary results found in Properties 5.4 and 5.5 are necessary to prove
the final evaluation of the performance T'/Yk.

Property 5.4. For any 7, any Z, any j € N, and any (my, ..., mk), we have

Conn(3)(Z) < Cra(3)(Z°). (5.19)

Proof. Let 1 < up < u; < ... < up < j be the sequence of integers
minimising the right-hand side of formula (5.3) for i = m. Then, we obtain

m o us k ly us
Cor)(Z) =32 D Pa0=D, D Y Purte

s=1t=us_3 =1 s=l,_;41t=us_1

r=1s=l._;+1 t=uy, _,

ko owu, I ko I,
- P € B8, D D Y
Z Z Z S7I’( ) ISUOS"'SUTSJ; pS”l’(t)
r=1 t=u¢r_1 s=lp_1+1 r=1t=v,_3 s=lp_1+1

B oa
— — —=k
B 15,,0’5“,?"5‘,,,92 D ten(e) = Crn3)(Z°),

r=1i{=v,_1

which completes the proof. =

Property 5.5. For any 7, any Z, any j € N, and any (ma, ..., mx), we have

—k
Con(1)(Z") < MmaxCrmn(;)(2) (5.20)
where
Mmax = 112?;% m;. (521)
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Proof. Employing (5.3) for i = m we obtain the following sequence of
inequalities : '

Mmax
s O (2) = 3 5 3 e
max Cm(3) (Z) 1< S <imSi Penls)
=1 1t=j5s5—1
Mmax
=) Por(t)
oo mAX Z Z Z
=1 SPOSMZRIMII ) sl a1+l t=fay
Mmax ]Ir:
> ) . max Z Z P
T £ 1<i0<i S SinS £ zrim(t
i=1 0=t =1 t=jz ;-

where z,; = min{l,_; + ¢,[,}. Note that for any fixed 7 we have z,_;; < z,;.
Next note that for the fixed ¢, maximisation can be done over indices v, =

Triy
then we can continue as follows

Mmax
= E max E E Pz in(t)
<q ri
=1 1<yg <v1 <o Lvg < ] =1 t=tp_y

Ur Mmaz

>1<vo<v1< <vk<,2 Z Z Dzpin(t)

=1 t=v,—; i=1

ur
>1<vo<v1< <‘Uk<JZ Z prﬂ”(t)

r=1t=v,_1 t=1

bi
1<vo<v1< <’Uk<jZ Z Z Lt

r=1t=vr_1 1=l,_1+1

k
1<'UQ<Ul< <'Uk<.7 Z Z trﬂ. t) - Ck"(])(z )

r=1t=vr_1

The final inequality has been obtained using the well-known sum-maz > maz-sum
fact 3,4 MaXjep @;j > MaX;eB Y ;e 4 Gij- ®
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Using the introduced properties we are able to evaluate the worst-case per-
formance ratio of algorithms 7'/Y'k.

Theorem 5.4. For any algorithm 7'/Yk defined by the sequence my,...,my

we have
77 Y*(Coum) = Mimaz 7 *(Coum)- (5.22)

Proof. Applying (5.19) for 7 = 7* in the definition (5.1), we obtain
Coum(7*;Z) < Coum(5; 7).

By virtue of the definition of 7¥*(Csum) we have Csm(rk;fk)/Csm(w*k;Ek) <
nY*(Csum) where 7*F is the optimal permutation of the k-machine flow-shop
problem. Now, applying the formulae (5.20) to 7 = 7* in the definition (5.1), we
obtain

Moz C’sum(ﬂ'*; Z) = Mmag Z w”‘(])cmﬂ'*(‘?)(z)

g=1

= i — ok Coum(m*; Z")
> Y W (;)Chrr()(Z) = Coum(T*;Z") 2 Coum(m*™;Z7) > ~h
7=1 1 ( sum)
By combining these results we get the following upper hound on 57/ Y Cpum)

Csum(ﬂ'k; Z) < Mmaz nYk(Csuxn) Csum("r*; Z)

Let consider also a lower bound.

Example 5.6. Let m > 2. Without losing generality we can assume that
Mmax = Mi1. To simplify notation we set ¢ = mpya.x. The job set J consists
of ¢ subsets Jy,...,J. each with cardinality w each and w is an integer. The
processing times and weights are equal to p;; = 1, w; = 1,4 =1,2,...,c. All the
remaining (undefined above) processing times are equal to zero. Thus, we have
n = cw jobs. &

For this instance we have #;; = Z?ﬂpéj =landt; =0,72=2,...,k, foral
J=1,2,...,c. Weights areequal tow; = 1, j = 1,...,c. Due to special structure,
the auxiliary problem can be solved in such a way as to obtain the optimal
one using the well-known WSPT rule. Therefore n¥* = 1 and the algorithm
T/Yk can generate the permutation 77/Y* = (1),(2),...(c)y. Consequently,
Coum(mT/Y¥) = (1/2)[w?c(c— 1)+ we(w+1)]. One can prove that the the optimal
job processing order is 7* = (¢,c—1,...1),, and C(7*) = (1/2)cw(w + 1);’-(FiI}2;Hy
Coura(TTY*) [ Couma(7*) = (c — l)wL_H + 1 which tends to ¢ = My if W — 0.8
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Theorem 5.4 provides an unexpected theoretical result.

Collorary. There exists the algorithm T'/Yk such that

UT/Yk(Csum) < [m/k] nYk(Csum)- (5.23)

For k = 1 we obtain the well-known result 77/Y!(Cygym) = m, since T/Y1
is equivalent to F' and 7¥'(Csum) = 1. For k = 2 we get the evaluation
nTY2(Csum) = [m/2]nY?(Csum) that had been previously found for other algo-
rithms, e.g. @/X. In practice, solving the two- or three-machine case is usually
easier than the general m-machine problem. Therefore ¥ = 2,3 can be recom-
mended for applications. For example, assuming m =9,k =3, m; = mg = m3 =
3, and 7Y3(Csum) = 1 (i.e. the auxiliary three-machine problem is solved in order
to obtain its optimal solution), we obtain 77/Y3(Csym) = 3, whereas the best
known up to now result refers to 77/Y1(Ceum) = 9 or 97/Y?(Coum) = [m/2] = 5.
It is clear that algorithm T/Yk will provide better results than F and Q/X if
and only if there exists an approximation algorithm for the k-machine problem
for k > 2 with the worst-case performance ratio sufficiently good.

5.5.2 The mean completion time criterion

Recently, a considerable attention has been concentrated on the flow-shop prob-
lem with the criterion Cgum, chiefly due to its industrial applications. In this
section, we discuss some basic results of the worst-case analysis for a few approx-
imation algorithms recommended for this problem.

Theorem 5.5. For algorithms A € {RC1, RC2} we have tight bounds

7*(Ceum) < 1. (5.24)

Proof. The upper bound follows from Property 5.1. So, using the following
example we will show that these bounds are tight.

Example 5.7. Let m > 2. The job set consists of two subsets J; and J,
with cardinalities 1 and n — 1, respectively. The processing times are equal to
Pm1 = 1,Pm-12 = Pm2 = € where ¢ denotes the sufficiently small number such
that lim._,o en? = 0. All the remaining (undefined above) processing times are
equal to zero. &

Let us start the algorithms RC1 and RC2 with d = 0, i.e. S = 0. We have
Wi = w) = 0 and wh = w¥ = €. So both algorithms schedule at the first job
l,ie. ¢ = (1);. The remain n — 1 jobs are uniform and therefore RC1 and
RC?2 provide the same permutation 7EC1 = 7BC2 = (1)1(2),-1, see Fig. 5.8.
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machines : (a)

1+{n-1)e

(b)
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Figure 5.8: Schedules in Example 5.7: (a) for 74, A € {RC1, RC2}, (b) for =*.

Hence, Coum(7R°!) = Coum(7FC?) = 1 + Le(n — 1). It can be proved that the
permutation * :i2)n—l(1)l is optimal and Cgyn(7*) = ﬂﬂ‘_lz%"_“l + e+ %
Finally, Csum(74)/Csum(7*) tends to n if ¢ — 0,4 € {RC1,RC2}. »

This extremely high performance error of RC1 and RC2 is a direct conse-
quence of the single mistake made at time moment zero. Since the waiting time
for the big job is shorter (by €) than the waiting time for each of many small jobs,
so this big job will be scheduled first blocking completely the machine. This case
owns some similarities to the worst-case instance of Schrage’s algorithm for the
single-machine problem with ready and delivery times and the makespan crite-
rion. However, the worst-case performance of Schrage’s method is deteriorated
by such a mistake only twice, but of RC'1, RC2 - up to n-times.

One can say that the detected mistake of RC1 (RC2) can be avoided by
considering each job in turn as the first one in the primal sequence, see algorithm
K §2. However, the following example shows that such a thinking is illusory.

Example 5.8. Let m > 2. The job set consists of two subsets J; and J;
with the cardinalities 1 and n — 1, respectively. The processing times are equal
t0 Pm1 = 1,Pm—1,1 = Pm—1,2 = Pm2 = € Where ¢ is the sufficiently small number
such that lim._,gen? = 0. All the remaining (undefined above) processing times
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are equal to zero. &

Starting from o = (1) we have to generate the job processing order 752 =
(1)1(2)n—1 since there are no other alternatives. In turn, starting from o = (2) we
can generate the job processing order 7552 = (2)1(1)1(2)n_2. Indeed, if o = (2)
we can schedule next the job from J; or a job from J;. In both cases delays
between o and next scheduled job are zero, so the partial processing order for
the next iteration can be o = (2);(1);. Next, there are no other choices. Then,
nCoum(TH5?) = n+ Len(n + 1) and nCoum(7H5?) = 2¢ + Le(n - 2)(n— 1)+ (n -
1)(1 4 2¢). It can be proved that the permutation 7* = (2),-1(1); is optimal
and nﬁgm(w*) =1 +_-§—€n(n — 1)+ 2ne — €). Clearly Csum(755?) < Coum(TK5?).
Finally Coum(7%52)/Coum(7*) tends to n — 1 if € — 0.

Since Example 5.8 can be applied to all five algorithms from [164] with the
same result, we immediately have the following evaluation.

Theorem 5.6. For the algorithm A, A € {KS1,..., K55} we have

n—1< nA(C’_sum) < n. (5.25)

Although a more precise evaluation has been done, in the context of (5.25)
this proof is of minor importance and therefore will be omitted.
Analysis of the algorithm RC3 and RCo has provided more promising result.

Theorem 5.7. For algorithm RC3 we have

2—m- J— 3 < 7% (Coum) < 1. (5.26)

Proof. We present only an example showing the lower bound in (5.26).

Example 5.9. Let m > 2. The job set consists of m subsets J;,1=1,...,m
The subset ¢ has cardinality (2m — 2¢ + 1)q, where ¢ is an integer. Thus, the
total number of jobs is n = 37", (2m — 2i + 1)g. The processing times are equal
to py = %—Tri = 1,...,m. All the remaining (undefined above) processing
times are equal to zero. ¢

One can prove that the algorithm RC3 can generate the permutation 753 =

(Dam-1s(2(am—2yq - (M) then Coun(r%) = 3 Iy S (2m — 1)
4(i-1) + 522505 7] = gm(2m — 1)¢*m(2m? — 3m+ 1) + 5(2m — 1)gm(mg + 1),
see Fig. 5.9. The optlmal permutation is 7* = ((m); .. (2)2m_3 (1)2m-1)q, and
Com(r*) = 4 4y [SFy (2m — 2+ D)(2m — 1 = gomé(2m ~ Dl +1).
means that 6sum(7rRC3)/C’sum( ) = (im+ 5 qm)/(l + ;) which tends to

2m+ =~ ifqg—oco.m
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Figure 5.9: Schedules in Example 5.9: (a) for 7€3  (b) for 7*. All jobs on the machine
¢ have the index 7 and the processing time p;; = (2m —1)/(2m —2i+ 1), v =2m —1

Theorem 5.8. For algorithm RCo we have

2m

— + 2 $77%°(Coum) < m. (5.27)

l
3 '3°
Proof. First note that 7™ = WF_a,ssuming wj =1/n,j =1,...,n. Therefore,
from the definition of RCo and 7%(Csum), we have

_ésum(WRco) < —O_sum("rm) < ma—sum(w*) (528)

which provides the upper bound in (5.27). The lower bound follows from the
example.

Example 5.10. Let m > 2. The job set consists of m subsets Ji,...,JIm,
such that the set J; has the cardinality (m — i+ 1)g,¢ = 1,...,m, where g is an
integer. The job processing times are equal to p;; = 1/(m—3i+1),i=1,...,m
All the remaining (undefined above) processing times are equal to zero. <

m—k+1 1}
> m—j+177

j=1,...,n, k =1,...,m. Since w¥ < Wk ,j=1,...,n—1, for any k =

Priority values for RCo can easily be found equal to wj? = min{1
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Figure 5.10: Schedules in Example 5.10: (a) for 77¢°, (b) for 7*. All jobs on the machine
i have the index i and the processing time p;; = 1/(m — i+ 1)

...,m, all auxiliary permutations in RCo may have the same form 7% =

1,

(Dmg(2)(m=1)q - - - (M — L)og(m)g, k = 1,...,m, see Fig. 5.10. Hence 77 =
(Dmg - --(m)g and Coum(rF°) = %E:; Eg:qﬁl)q[(i - g + HZJ‘1+—1] =
mrd*ml(m + 1)(2m + 1) 4 6/g]. The optimal pernr%uta,ti'on is1 ™ = ((m)1(m -
1)z...(1)m)q and Coum(7*) = L 30, 3. m{(m—j+1)i] = gzm(m+1)q(q+1).
Finally, one can check that the ratio Ceum(7F°°)/Coum(T*) tends to 2m/3+1/3
ifg—o00.m

In the context of Theorems 5.3, 5.6 and 5.7, we conclude that Algorithm
Q/X for Ceum can use RCo or RC3 instead of X. Indeed for m = 2 we have
5/3 < 7C°(Ceum) < 2. Since 72 = 7F and ¥ (Ceum) = 2, one can expect that
the small value of 7°°(Cyum) is reached due to 7. However, restricting our
attention only to 7! we also get this ratio as 2. Finally, using specific following
example we can make our previous evaluations more precise.

Example 5.11. Let m = 2. The job set consists of four subsets Ji, J2, J3,J4
of identical jobs. The job processing times and cardinalities of subsets are given
in Table 5.1. <&



120 Chapter 5. Work in process reduction

Priority values w] and w ,j = 1,2,3,4 for RCo are shown in Table 5.1,
Thus, permutations generated by RCo may have the following form: #! =
(3)109(4)104(1)164(2)24 and 72 = (1)169(3)104(4)109(2)2q- Since 16g + 2 - 2g <
10g + 2 - 10q then in 7! all jobs from J; and J; finish at time 30q. Therefore we
have, nCuum(r!) = Y320 j + 3324 (10 + 25) + zjiql(30q) = 790¢ + 15¢. Next,
Crum(r?) = 518 14510 (169+7)+ 1% (260+27)+ 3372, (46q) = 790°+234
We can show that the optlmal permutatlon is 7 = (3,1)10q(4, (1)2)34(4, 2)24(4)s4
and nCeym(7*) = z“’q (29) + 32, 3(10g+25) + 372, 2(16g+25) + 332, (20g +
2j) = 414¢* + 28q. Finally, sum(7rRO°)/C um(7*) tends to 229 &~ 1.908 if ¢ — .

Although, we have only shown 1.908 < 7fC°(Ceym) < 2 for m = 2, one can
expect that 7T is close or simply equals 2. Example 5.11 also suggests that
the lower bound on 77C°(Cgym) for general m can be improved, however using
special approaches for separate m.

For m = 2 we have 3/2 < nRC3(Usum). Hence, one can hope that just
RC3 owns the best worst-case performance evaluation. Unfortunately, besides a
slightly improved lower bound on 77R03(Usum) we have not succeeded in further

evaluations.

Example 5.12. Let m = 2. The job set consists of 2 subsets Jy, JJy with
cardinalities 174q for J; and 100¢ for J; where g is an integer. The job processing
times are equal to p1; = 1,p12 = 0,p21 = 0,p22 = 3. <

Let us start with S =0, i.e. d =0 and Cis(q) = 0,1 € M. Completion times
of any as yet unscheduled job j € J \ S, which can be appended to the current
partial permutation o, have the following forms: C; ; = C3; = 1 for j € Jy, and
Ci,; =0, Cy; =3 for j € J5. Hence, w;-" =3,forany j € J\S. Consequently,
RC3 can select k = 1 at the first step. This implies d = 1, 0 = (1);, and
Cio(d) = C20(d) = 1. Next, since both machines are available at the same time
moment 1, the previous step can be repeated, creating the partial permutation
0 = (1)174q- The remain jobs are uniform and therefore RC3 generates the

permutation 7RC3 = = (1)1744(2)1004- It is easy to prove that nﬁsum(ﬂ'RCm) =
i 4 Si20%(174¢ + 31) = 47,538¢% + 237q. The optimal permutation is
™ = (@1(Uo)sse(1)12g> and nCoum(r) = T4 - 3i + 2174 + 3) =
30, 13842 + 411q. It means that Csum(7EC3)/C, um(7*) tends to %’% ~ 1.577if
q — 0o.

The last result of this section refers to algorithm R.

Theorem 5.9. For the algorithm R, we have

4
n—(2- )< 1*(Coum) < 7°PSHAPLT ) < 1°P5(Coum) < n. (5.29)
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Table 5.1: Data for the Example 5.8.

Jj

1 2 3 4
P15 1 2 0 0
P2 0 0 1 2
card 16¢q 2q 10q 10¢q
wjl- 2 4 1 2
wZ-L 1 2 1 2

Proof. Due to Property 5.1, we need to show only a lower bound.

Example 5.13. Let m = 3. The job set consists of three subsets Jy, Jo and
Js3 with cardinalities 1, 1 and n — 2, respectively. The processing times are equal
to ps1 = 1, peg = 0, Pag = P33z = Pa3 = €, P13 = 2¢, where € is a sufficiently small
number such that lim.,o en? = 0 and § = (1 — €)/n. All the undefined explicitly
processing times are equal to zero. ¢

One can prove that CDS provides the permutation 7?5 = (1)1(2)1(3)n-2-
This permutation can be improved by API neither in terms of Cyqz nor in
C’sum criteria. It means that 7€PS = xCDS+API — 1R Hence nCeym(rP%) =

iall+(G-1)e] = nt+3 en(n 1). The optimal permutation 7* = (3)n—2(2)1(1)1
yields nCaym(m*) = Jois 22(j + 1)+ 2¢(n — 1) + 6] + [2¢(n — 1) + 6+ 1] =
2ne+4de(n —2) + e(n — 2)(n — 1)+ 26 + 1. Finally, Sum(ﬂ'R)/Esum(W*) tends to
n—(2- ;35) if € = 0, which is close to n. »

This surprising theoretical result undermines our notion of the wonderful
quality of API. Its good behaviour observed in computer tests follows from
the simplicity of API and the commonly known fact that “the best among sev-
eral solutions is better than any single solution”. By employing N PI procedure
instead of API we increase the computational complexity of the algorithm, im-
prove the solution performance observed in computer tests; however, we do not
improve significantly the worst-case performance. A slight modification of Ex-
ample 5.13 shows that also CDS + N PI has the worst-case ratio of the order
O(n). Indeed, by setting § = 1 in Example 5.13 we obtain an example such that:
(a) 79D = (1)1(2)1(3)n—-2, (b) nCosum(7°P5) = n+ %en(n —1), (c) 7°P3 cannot
be improved by NPI, hence 7CPS+NPI — zCDS " (¢) n* = (3),_2(2)1(1)1, (d)
nCumm (T*) = 2ne+4e(n 2)+e(n—2)(n—1)+3, (e) Csum(wCDS"'NPI)/C’ wn(T*)
tends to n/3 if € — 0. Therefore one can say that such a poor value of 7 R(Csum)
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follows from the application of C DS at the initial stage. Note that both proposed
examples can be improved using IN S.

5.5.3 The makespan criterion

It follows from Table 5.6 that no approximation algorithm A with 7(Cpmay) <
[m/2] has been found so far. The only suspected NEH has no such proof
made up to now, unfortunately. Therefore, we have examined particularly pre-
cisely each new algorithm looking for a desired approach. Although we can im-
mediately prove, by using Properties 5.4-5.5, that the bound 77/Y*(Cp.z) =
Mynas nYk(Cmax) is tight, nevertheless this result implies the existence of a com-
petitive algorithm (see analogy to the Corollary) only in the context of satisfac-
torily good approximation algorithm for the k-machine problem for k¥ > 2. Until
such algorithm is found, new results referring to the existing algorithms, as for
example, the given below evaluation of ¢ (Cpax), support us in the search.

Theorem 5.10. For the algorithm CDS + HC we have

m/2 < n¢PSHHC (¢ ) < [m/2]. (5.30)

Proof. The upper bound in (5.30) follows immediately from the obvious
inequality K(rm4+HC;7) < K(r4;Z), and from the evaluation proved in [219]
Cinax(19P%; Z) | Cnax(7*; Z) < [m/2]. To complete the proof, we provide a lower
bound in (5.30) using the following example.

Example 5.14. This example is designed for m > 7. The job set consists of
2r job subsets. The job processing times and cardinalities of subsets are given
in Table 5.2 (even m) and Table 5.5 (odd m). Table 5.2 also contains processing
times of auxiliary two-machine flow-shops used by CDS. &

Let us consider the case of “even m.” According to the data in Table 5.2, CDS
can generate the following sequence of permutations: 7! = (2),...(r),(r + 1)
e (M) (D) gy 78 = (k4 1)g ... (P)g(m—k+1)1...(m)1(1)g- .. (k)g(r+1)1...(m~
kE)yfork=2,....,r—1L,7" = (r 4+ 1)1...(m)1(1)4...(r)g, and 7% = (m — k +
Dg-oi(r)g(b4+1)1...(m)i(r+11...(k)1(1)g...(m—k)gfork=7r+1,...,m-
1. To avoid time-consuming calculations of m — 1 makespans C’max(ﬂ’“),k =
1,...,m — 1, required by CDS, observe that the makespan value Cmax(wk)
cannot be lower than the maximal nondecreasing subsequence of job indexes cho-
sen from 7¥. From 7* (see also Table 2) we have Cray(7') > m — 1, Crpax(7¥) >
max{m—2k,r}fork = 2,...,7—1,and Crpox(7*) > rfork = r,...,m—1. One can
prove that at least Cmax(7"~!) = 7, and thus CDS can generate xCDS = gr-1,
This schedule is shown in Figure 5.11. For the simplicity of notation, 7¢P% wil
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Table 5.2: Job processing times and cardinalities for Example 5.14 for even m;e = 1/q.

The lower part contains processing times for the auxiliary two-machine flow shops

subsets of jobs

machines 1 2 oo or—1 r r+1 r+2 m—1 m
1 € '

2 € € € € €
r—1 €

r €

r+1 1

r+2 1

m—1 1

m 1
card q q q q 1 1 1 1
al € 0 0 0 0 0 0 0
bt 0 0 0 0 0 0 0 1
a? € € 0 0 € € € €
b2 0 0 0 0 0 0 1 1
art € € € 0 € € € €
b1 0 0 0 0 0 1 1 1
a’ € € € € € € € €
b 0 0 0 0 1 1 1 1
arl € € € € 1+¢ € € €
brt 0 0 0 € 1 1 1 1
am-2 € € 14€e¢ 1+4c¢ € €
bm-2 0 0 1 1 1 1
a™=1 € € 1+e 1+4e¢ 1+4¢ €
bm-1 0 € 14¢ 1+4+e€ 1+e|1+e¢
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Table 5.3: Block matrix of subtractions b;."_l — a™"! for Example 5.14 (even m)

ifj 1 r r+1 m—1 m
1 2 —&—1 ¢
2
: 0 -1 0
r
r41
. 1 0 1
m

- denotes a matrix of an appriopriate dimension having all elements equal z.
z € {-1,0,1}.

machine
T @ ]
20 @, 1]
3- L& ]

r-1- r-1),
1 ERGL
2
r+3 -

- (&0
m -

1 | | ] | I

0 1 2 3 r-2 r-1 r

Figure 5.11: Gantt Chart for schedule in Example 5.14
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be called 7 in the sequel. Figure 1 also illustrates the obvious decomposition
of 7 into two disjointed subsequences 7 = 77T where ™ = (7)4(r + 2)1...(m)1,
T=(1)g...(r = 1)g(r + 1)1, Cax(7) = 7, and Cpax(T) = r. Any permutation o
such that at least one of these subsequences is preserved in o has the makespan
Cmax(0) not less than Cpax(7). This property is a direct consequence of the
so-called block properties [99].

Now we are ready to analyse the performance of CDS + HC. Instead of
precise study we will only show that HC cannot improve 7. Let us begin with
the calculation of revised gaps (5.5). To this end, the values b;n_l —a™ ! found
from Table 5.2 have been formed in the block matrix shown in Table 5.3. Sets
L;; are defined for ¢ = 1,...,m as follows: (a) for j = 1,...,r,L;; = {j} if
i£j-1,(b)forj=r+1,....m—-1,L;; = {2,5}if 3£ 1 # j5-1,L;; = {5}
fi=3,L;;={2}if i = j—1, and (¢) Lim = {2} if ¢ # 3. All the remaining
(undefined above) sets are empty. Finally, the revised gaps are given in Table 5.4.
The matrix df} has a block structure with some exceptions observed in the first
row, last column, sub-diagonal, and the right half of the third row. Elements of
this matrix are defined as follows z = 0.9/(m — 2), (1) for j = 1,2,...,r we have
aj = z(j—1)e, a;- = aj—€,7; = aj+1,and (2)for j = r+1,...,m—1 we have 3; =
Wj—1)+az—1,8; = B;—¢€, B} = Bj —asz,6; = B; +1. By virtue of the definition
and after simple calculations we introduce some dependences, crucial for HC:
(a) 0j 2 0,05 < 0,j=1,...,r,(b) B; < B/ < B; <0,j=r+1,...,m~1, for
sufficiently small € < (m —2)/9, (c) all sequences o, o, 8}, 87, B;, ate increasing,
(d) Jer| <
g) corresponds to a searching for an element in an appropriate row, while the

selection of Y (and h) corresponds to a searching for an element in a column of
the matrix df}.

ajl,j=1,...,r—1,and |e| < I,B;_Hl . The selection of X (and thus

Set initially @ = 1 and b = n. At first, the row r and the column 7 + 1 are
searched. As a result we obtain X = a,, which refers to job r located nearby
position @ in the block (r)g, and Y = f,,; which refers to job 1 in the block
(1)g. From (a), (b) and (d) we have X > 0,Y < 0,|X| < |Y|. It means that HC
jumps to Step 5. This interchange operates on jobs 1 and 7 — 1 located in the
subsequence T and thus no improvement of the makespan occurs. Therefore job
1 remains on its position, and b decreases. At the second step, row r (without the
element r + 1) and column 7 — 1 (without the element r + 1) are searched. Thus
we have X = a, > 0, which refers to job r (as the above), and Y = o/_; < 0,
which refers to job 1 in the block (1),. Similarly we have X > 0,Y < 0,|X| <
|Y|, and HC jumps to Step 5. The interchange operates on jobs 1 and r — 1
and for the similar reason cannot improve the makespan. Subsequent g steps
have the same character, so finally the sequence (7 — 1)4(7 + 1); will be fixed.
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Table 5.4: Revised gaps df; for Example 5.14 (even m)

i/j 1 2 - v - r—=1 r r41 742 «+« w - m—2 m—-—1 m
1 a; ey - oy - ar_; ar Brsi Bryz -~ Bu = Bz Py | %

2 0 a2 Qy *+ Or—1 Q7 ﬂr-}-l ,Br+2 s Bw - ﬂm—2 ﬂm—-l a2

3 a; 0 Qy v Qr—1 Qr T+ 2 B - m—2 Bm—1 | 0

4 a1 o2 ay v Or—1 @ [ Bri1 Bryz - Bw o Bm—z2  Pm-1 |
v4+1 a1 o2 0 ar—1 ar | Bry1 PBriz 0 Puw - Bm—2  Pm-1 |
r—1 o1 a2 - ay ar—1 ar | Bry1 PBriz - Puw - Bm—2  Pm-1 | a2
T 03] Q2 -+ Oy 0 Qr ﬂr-{-l ﬁr+2 . ﬂw . ﬂm—2 ,Bm—l a2
r4+1 711 12 -~ Y -~ -1 1 X Ory2 - bw v bm—2 bm-1 |72
T2 |1 Y2 o Y ot Yr—1 Y a2 X by o bm—2 Sm—1 | 12
r+3 1 Y2 0 Yv ot VYr—1 Ir 67‘—}-1 a2 bw . 5m—2 Sm—1 Y2
w+l|vm Y2 -~ Y o V=1 Yr | Sr41 bryo o2 dm—2  bm—1 |,
m—1|m Y2 Y LS Yr—1 Yr 6r+1 6r+2 S a2 X Y2
m T Y2 Yot Yr=1 Yr | brqa br42 0 bw - bm—2 a2 X

z=09/(m—-2),a;=2(j—1)e>0,0j=a; —€<0,8;=2(j — 1)+ a2 - 1<0,8; =f; —¢<
0,8 =B —2 <0,7; =a; +1,8; =8 + 1.

Repeating the latter steps we obtain the sequence (1);...(r —1)y(r + 1)1 =7
fixed. Since all further interchanges preserve ™ within each tested permutation,
we never improve the makespan. On the other hand the optimal permutation is
™ = (n)1(n — 1)1...(r 4+ 1)1(7)g(r — 1)g...(2)g(1)g and Crax(7*) = re + 1. It
means that Crax(THC)/Crmax(7*) > 7/(re + 1) which tends to r if € — 0.

By analogy, to the example from Table 5.5 (odd m) we can conclude that
Craax(THC) [ Crnax(7*) tends to m/2 if € — 0. This completes the proof. m

5.6 Conclusions

From the worst-case point of view the following conclusions can be drawn.

The worst-case performance ratio for the algorithm producing random per-
mutation when applicable to problems with criterion Cpax is equal to m, when
applicable to problems with criterion Csum is equal to n, whereas for Ceym it can
be arbitrarily large, see also Table 5.6.
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Table 5.5: Job processing times for Example 5.10 (odd m);e = 1/q.

subsets of jobs
machines 1 2 r—1 r r+1 »+2 ... m m+1
1 €
2 € € € €

r—1 €
r € o |
r+1 1

m-—1 1
m 1

card 2q 2q . 2q q 1 2 5 e 2 2

Surprisingly, for the problems with the criterion Cgym, a relatively simple al-
gorithm F is better than quite complex CDS + HC. The algorithm /X devel-
oped “by analogy” to C DS offers performance also “by analogy” 7%/%X(Csum) =
[m/2]7% (Csum), where 7% (Cqum) is the worst-case performance ratio of an algo-
rithm used for solving the two-machine flow-shop problem. In spite of external
analogy, the particular auxiliary two-machine problems, solved in the internal
work of this algorithm, do not manifest any analogous behaviour. This fact and
the presented worst-case instances allow us to formulate another general con-
clusion: any overlooking of some data (even though they are really incomplete)
deteriorates significantly the worst-case performance evaluation. Having in mind
the performance of RC3, new algorithms for the problem with the criterion Coum
should be designed as an extension of ideas taken from this algorithm.

For problems with the criterion Cgum, there exist approximation algorithms
with the worst-case performance ratio equal to or less than m, see Table 5.6. Al-
though evaluations of the performance obtained for the algorithms RC3 and RCo
are not tight, we have though that for RC3 it is closer to 2m/3 + O(1/m) than
to m. Proof of this fact seems to be hard, since up to now there has been no clear
methodology of analysing constructive algorithms with dynamics (RC3, NEH).
From among algorithms recommended for this criterion, RCo and RC3 are better
than RC1, RC2 and CDS + HC (this result also has been confirmed by exper-
imental analysis), being as good as F and @/X. For m = 2 the algorithm with
the worst-case performance ratio less than 2 is still loking for.



128 Chapter 5. Work in process reduction

Table 5.6: Lower 7 and upper 7 bounds (provided in E) of the worst-case performance
ratio g of an algorithm A (developed in B) for various scheduling criteria K. (New
results are marked by an asterisk (*))

K A B 74 E
Cmax  any m m [96]
R [264] [m/2] [m/2] [264]
CDS [35] [m/2] [m/2] [219]
RA [52] m/vV2+0(1/m) m/V2+0(1/m) [225]
RACS,RAES 52] m/V2+0(1/m) m/V2+0(1/m) [226]
P [239] m/v24+0(1/m) m/V2+0(1/m) [226]
NEH [219] /m/2+0(1/m) (m+1)/2 [226]
HR [148) m/V240(1/m) m/V/2+0(1/m) [228]
G [124 m-1 m—1 [228]
TG [183] (m+1)/2 (m+1)/2 [183]
IE,M [238] m m [183]
KS1,K52 [164] m m [183]
. CDS+HC [140] m/2 [m/2] *
T/Yk * [m/k17"*(Cmaxz) [m/k1n"*(Crmaz) *
Csum any n n [96]
SPT [96] m m [96]
RCo [253] 2m/3 +1/3 m [303]
RCo,m =2 [254] 1.908 2 *
RC1,RC?2 [254] n : n [303)]
RC3 [254] 2m/3+1/(3m n [303]
RC3,m=2 [254] 1.577 n *
HK,m=2 [144] 2b/(a+b) 2b/(a + b) [144]
KS1,...,KS5 [164] n-—1 n *
R,CDS+API  [257) n—(2—4/(n+2) n *
CDS+ NPI * nf3 n *
Coum  any 1+ (n-1)(w/w) 1+ ((n-1)(w/w) *
CDS,G,P,RA,
CDS+ HC,
G+ HC,P+ HC,
RA+ HC 96] 1+(n—-1w/w) 14+ (n-1)(w/w) *
F * m m *
Q/X +  [m/200% (Coum) /20X (Coum)
T/Yk *_ [m/k]n"*(Coum) [m/k]n"*(Csum) *
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The simple transfer of the ideas accepted for makespan problems to prob-
lems with other scheduling criteria (namely to those based on a sum of penal-
ties) usually produces less efficient algorithms and generally should be avoided.
Particularly, these algorithms should not be used to prepare initial solution for
improvements algorithms with other than Cp,.y criteria.

Constructive algorithms for the Ceym and Coum problems should be designed
as an extension of methods developed for the single-machine problems with these
criteria. Dynamic priority rules based on a simple job fitness (e.g. between job
delays) are usually worse than those based on a weighted combination of between
job delays combined with the sum of completion times. Improvements algorithms
should contain procedures API (NPI) as well as INS.

For the makespan criterion the algorithm HC is as good as CDS, and is
worse than NEH (N EH still remains the champion). For other criteria HC is
as good as any algorithm producing random permutation.

Results obtained in [226] for algorithms RACS and RAES as well as results
obtained in this paper for HC,CDS+API,CDS+ N PI and R confirm a general
hypothesis that improvement algorithms are as good as auxiliary algorithms used
for finding starting solutions.

Clearly, the analysis carried out in this paper for more than ten various algo-
rithms does not complete the worst-case research. The results obtained pinpoint
the drawbacks of some existing algorithms, introduce a reference level for compar-
isons, provides supplementary characteristics of algorithm behaviour and outline
directions of the new and better approaches to future research.



Chapter 6

Zero-inventory policy

JIT forces the decrease of in-process inventory by elimination (limitation) either
internal/external storage place or storage time. With respect to storage place
these constraints usually take the form of “no storage place is allowed”, “storage
place is limited” by means of the number of stored parts or the size (volume) of
stored parts, “total number of items circulated in the system is limited”, “number
of items of the same type circulated in the system is limited”, or “store must
contain a limited number of parts” where store’s capacity is limited from bottom
to top. With respect to storage time they take the form of “parts must go without
waiting”, “waiting time between successive stages is limited”, or “waiting times
immediately influence on the production costs” !. Two special classes of these
constraints are considered as crucial for introducing ZI control, namely no-store
(NS) and zero-wait (ZW) policies. Note that pure JIT strategy assumes no in-
process storage. In processes where ZW has no obligatory character (because of
technology requirements), ZW policy is much more restrictive than ZS.
Although the above constraints are very easily formulated, not many theoreti-
cal results are known for these problems and the generality level of the considered
problems remains relatively low, see the up-to-date survey of Hall and Sriskan-
darayah [136]. There are a lot of papers dealing with flow-shop problems with the
so-called blocking constraints (NS policy), see survey [136] supplemented by pa-
pers [206, 53, 115, 118, 265], limited storage [206, 252, 55, 170] and with no-wait
constraints [243, 155, 23]. Slightly more complex problems are considered only
in the context of simple priority heuristics, Kuriyan and Reklaitis [177], Sawik
[273, 274], hierarchical decomposition Sawik [271, 272], studies of special cases
Kubiak [171], or simulation studies. These problems also increasingly preoccupy
the attention of many researches because of their applicability in FMS systems,
Sawik [275, 276]. Recently, an excellent approach to modelling quite broad class

!These constraints also appear frequently in CIM system and FMS.
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of FMS problems has been proposed by Toczylowski [319]. This approach can also
be employed for modelling some problems with limited storage constraints. We
also refer to our earlier studies Smutnicki [292, 296, 297], Nowicki and Smutnicki
[227].

Generally, the methodology of modelling the NS and ZW problems enter the
phase of development, particularly for more complex production systems. Even
for the simple flow line with single machine per each stage and NS policy there
exist several different models, but simultaneously there are no papers with the
critical comparison of their applicability. Simultaneously, there are no models
which can be applied to more general production structures with NS or limited
storage (LS) policy. Additionally, the number of specific properties which can be
useful for the solution algorithms still remains poor. Either no numerical results
are provided or the reported numerical results are far from making possible a
solution with high accuracy instances of greater sizes existed in practice. Partic-
ularly significant lack is observed in the very profitable local search methods and
exact methods which might minimise the manufacturing cycle time.

In this chapter we provide a common approach to modelling and solving
problems without (with limited) in-process storage with the methodology ori-
ented towards the efficient local search methods. This approach will be presented

is immediately usable in practice and general enough to show some nontrivial
properties. The applied technique of modelling is adjusted to make easy the
extending to general problems, namely these with non-uniform machines, ma-
chine set-ups, transport time, etc., and those with more general flow-production
structure, as for example, job shop or network. Although the delivery perfor-
mance will not be discussed in this section (since the main stress has been laid
on the storage problem), the proposed approach, models and algorithms can be
extended in an easy way taking into account, for example, a measure of delivery
performance from previous sections. Nevertheless, we should be conscious that
the final numerical properties of the algorithm depend on theoretical properties
of the problem, which in turn, depend significantly on the chosen measure of
delivery performance.

6.1 Introduction

The verbal description of the problem is as follows. There is a set of parts
(elements, customer’s orders) and a set of processing cells (service centers) each
of which has a set of parallel identical machines (service stages), Figure 6.1. A
part is associated with a sequence of operations processed in successive cells, and
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Figure 6.1: Flexible flow line

all parts flow through cells in the same order. In a cell, a part can be processed
on any machine. There can be a transport time of a part between cells. Moreover
there are buffers with limited capacity that mediate in transferring parts between
machines/cells. We want to find a schedule that minimises the makespan, one
of the most frequently used criterion. This problem, called hereafter FP, can be
considered as a hybrid combination of two classic scheduling problems, namely
the flow shop and parallel shop problem.

Architecture of automated manufacturing systems usually does not allow the
formation of internal queues of parts (transported on pallets or in containers),
or limits the length of these queues due to buffer size. With respect to F'P, the
following problems (with an increasing description complexity) can be considered:
(U) system has buffers with infinite capacity or finite however large enough, (W)
system works without buffers, (B) system works with buffers of finite capacity.
In the system B, buffers can be designed as: buffer to machine (M), buffer to
cell (C), common (shared) buffer for all machine/cells (G), dedicated part buffer
before machine (PM), dedicated part buffer before cell (PC). Buffers can also be
located on the output of the cell (machine), however, due to symmetry, we will not
consider this case separately. The case (G) is relative to the buffering performed
by automatic-guided-vehicle (AGV) transportation system or a common (single)
store of limited capacity. The case (PG) is relative to the Kanban controlled
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system. Note that pallets can be interpreted as a specific class of store. If the
capacity of a buffer is greater than one, we should also consider the buffer service
rule. There can be distinguished at least three rules, which are as follows: (1) first-
in-first-out (F') where parts go for processing in the same order in which they enter
the buffer, (2) arbitrary order (A) where the next part for processing is selected
arbitrarily among those waiting in the buffer, and (3) extended arbitrary (E)
where the next part for processing can be selected arbitrarily among these waiting
in the buffer extended by those waiting on blocked machines of the preceding
stage. In the last case, we permit a part to pass over the buffer, immediately
on the next stage. Clearly, the rule applied should be adjusted to the phisical
construction of the buffer and should reflect the general service policy used in the
manufacturing process. Intuitively, the case (F) is the most restrictive, whereas
(E) the least restrictive. From the methodological point of view, the case (E) is
significantly harder than (F). Thus each considered problem, besides introduced
assumptions, can be characterised by a triple (system type)—(buffer type)—(buffer
service rule).

FP creates the basic model for a broad class of problems called in the liter-
ature the flexible flow-line scheduling. These are pure problem F'P or problems
obtained directly from F'P by introducing a few specific additional assumptions,
e.g. some parts can skip one or more machines during the route, buffers have
infinite capacity, transport time is negligible, etc. A detailed review of industrial
applications, among others in chemical branches, polymer and petroleum indus-
try, computer systems, telecommunication networks, FMS, spaceship processing,
etc., one can find in [149], [211].

Although F'P have quite simple formulation, it is troublesome from the algo-
rithmic point of view. Its N P-hardness essentially restricts the set of approaches
which can be applied to solve the problem. From the literature one can find exact
algorithms based on the branch-and-bound (B&B) [284] and mixed-integer pro-
gramming (M IP), as well as a variety of approximation methods, see the review
in [149]. Some of these procedures have been designed for special cases, e.g. for
the systems that have only two cells, the ones where only one of the cells has
parallel machines, etc.; see the newest paper in this field [43]. Algorithms for F'P
have also been considered in [273, 337]. Research outcomes show that B& B algo-
rithms become useless for more than 10 parts. Similarly, the size of MIP models
is impractically large even for a small number of parts and cells. Therefore, more
attention has been paid recently to the approximation methods. Currently, only
a few constructive algorithms applicable to F'P are known [61, 149, 273, 337].
Surprisingly, up to now there is no improving algorithm, although many recent
papers have recommended the local search approach as the most promising for
very hard optimisation problems [86, 322].
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Table 6.1: Data for the Instance.

L lele o[ dle e lmlile e p [ J e e]rl]

11117160 412 (1|37 3|14 [|[10]4]1]30
2112|6005 {2{2 |10} 83|23} 11]|4]|2]40
31113306 |23 [40) 9 |3 |3 (40 12|43 |50
13|51 20166130197 1] 80
141529176 |2 ([50]20(|71)2]1} 40
15153 |70|18]6 |3 ([301}21]7|3]100

6.2 Basic model — infinite capacity buffers

The system has m machines located in ¢ machine cells, and let M = {1,...,m}
be the set of machines, C = {1,...,¢} be the set of cells. The cell [ € C has
my > 1 parallel identical machines, and let M; = {k;+ 1,...,k + my} C M be
the set of machines in this cell where k; = 3'=1 m;. The set of e parts (elements,
customer orders) £ = {1,2,...,e} has to be processed in this system. Each part
k € & corresponds to a set of o operations O = {lx + 1,...,lx + or} processed
in that order, where Iy = Y51 o;, and let O = Ji_; Ox = {1,...,0} be the
set of all operations that have to be processed. Operation j corresponds to a
processing of part e;2 at cell ¢;, can be performed on any machine from M., and
requires p; > 0 time units for processing. Once started, operations cannot be
interrupted. Each machine can execute at most one part at a time, each part can
be processed on at most one machine at a time, and each part k¥ flows through
the system so that ¢;_y < ¢j for j — 1,7 € O. A feasible schedule is defined by a
couple of vectors (5, P), S = (S1,...,5), P =(Py,...,P,), such that the above
constraints are satisfied, where operation j is started on machine P; € M., at
time 5; > 0.

To illustrate the problem, notions and denotations, we will use through this
chapter a sequence of Examples, each of them employs the same data given in
Instance.

Example 6.15. A feasible schedule for the Instance has been shown in
Gantt Chart, Fig. 6.2. For example, operation 2 of part 1 at cell 2 is performed
on machine 3, is started at time 130 and completed at time 190, i.e. P, = 3,
S2 = 130. The makespan is 310. ¢

Instance. The system has m = 3 machine cells with 2 machines at the first
cell, 2 at the second cell, and 3 at the third cell, i.e. my = my =2, m3 = 3. The

2¢; = k for any j € O.
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Figure 6.2: Gantt Chart for Example 6.1

set of n = 7 parts with processing times given in Table 6.1 has to be processed
in this system. e

To provide a formal mathematical model of the problem we introduce some
notions. Let £; = {j € O : ¢; = I} be the set of operations that have to be
processed in a cell [ € C. Machine workload is a subset of operations assigned to
a machine in a cell, however, due to interchangeable machine identity it is not
associated with any particular machine. To determine all machine workloads,
each set £, has to be partitioned into m; subsets N; C £;, i € My, and let n; =
|NVil, i € My, I € C. The machine processing order is prescribed by a permutation
of operations m; = (m(1),...,mi(n;)) € P(N;) where 7;(k) denotes the element
of NV; which is in position & in 7;, and P(N;) is the set of all permutations on the
set NV;. The overall processing order is defined by m-tuple 7 = (7y,...,7y). Al
such processing orders create the set Il = {7 = (my,...,7) : (7 € P(N), i €
M), ((N;, i € M)) is a partition of the set £;, | € C)}. '

Next, let .us consider relations between m and a feasible schedule. Assume
that « is given. For each j € O we define machine predecessor/successor s;,3;
and technological predecessor/successor t;,1; as follows: s, ;) = mi(j — 1) for
J=2,...,n; and sy,(q) = o (null); 3,5 = 7r,'(j+ 1)for j=1,...,n; — 1 and
Srni) =0 t;=3—1if > 1and e;_; = ¢;, and t; = o otherwise; #; = j + L if
j < oandejy; = ej, and t; = o otherwise. For this 7, starting times 5; and the
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completion times C; of operations have to satisfy the following clear constraints

C'zj <85, J€O; t; # o, (6.2)
Cs; <55, T€0; s;#0, (6.3)
Cj =83 +pj, 7€0. (64)

These constraints lead to an obvious recursive formula on starting times
5 = maJx{SEj +pt;5Ss; + s, } (6.5)

where S, = 0 = p,, which allow us to find them in a time O(o). The appro-
priate completion times can be found using equation (6.4). The makespan value
associated with 7 will be denoted by Crax(7), and thus Cmax(7) = max;jeo Cj.

To determine the feasible schedule from the given m € II, we have to assign
permutations 7;, ¢ € M, to machines ¢ € M; at cell [, € C 3. Since machines
at a cell are identical, the assignment can be carried out in any way. Therefore,
one can obtain a feasible schedule (5, P) in the following manner: set Py, ;) = 1
for j = 1,...,n;, « € M, and find S; by using formulae (6.5). It is clear that
any 7 represents [[7_, (m;)! feasible schedules with the same makespan value and
various assignments of m; to machines. Finally, we can state our problem as that
of finding 7 € II which minimises Cpax(T).

Example 6.16. For the Instance we decide to perform operations in cells in
the following manner: m = (1,4,7), = = (10,13,16,19), 73 = (11,17,2,5,8),
T4 = (14,20), ms = (18,12,9,6), 76 = (3,15), m7 = (21). The overall processing
order is # = (my,...,m7). This processing order generates 2!-2!-3!=24 feasible
schedules with the same makespan value. One of these schedules is shown in
Figure 6.2. Starting times and completion times follow from (6.5) and (6.4). <

In the analysis we will refer to an auxiliary graph model associated with a
fixed 7 € II. The graph G(7) = (0, A* U A(r)) has a set of nodes O and a set of

arcs A* U A(7) where
A= |J @ (6.6)
JEO;t;#0

and

A= U G (6.7)

JEO; s, ;Eo

3Machine workload allow us to reduce the number of considered feasible schedules.
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Figure 6.3: Graph G(r) for Example 6.2

Arcs A* proceed from constraints (6.2), (6.4), represent the route of parts through
the cells and have the weight zero. Arcs A(7) proceed from constraints (6.3),
(6.4), represent the machine processing orders and have the weight zero. Each
node j € O represents the operation j, event “starting” .S; of this operation, and
has the weight p;. Starting time .S; is equal to the length of the longest path to
node j (without p;) in G(7), whereas completion time C; is equal to the length of
the longest path to node j (including p;) in this graph. The makespan Crax(7)
equals the length of the longest path (critical path) in G(7).

Let us consider a critical path in G(7) interpreted as a sequence of nodes (op-
erations) U = (u3,...,U%y), 4; € O. Each subsequence of successive operations
Bay = (g, ..., up) from U such that P,,_, # Py, =...= Py, # Py, , we call the
block *. We also denote U = {uy,...,uy}, Bap = {Uq,...,up}, and for any j € O
we define z; so that 7p,(z;) = j.

Although notions Pj, z;, n;, 8;, 8, U, U, Bap, Bapy depend on w, however,
for the sake of simplicity we do not express this fact explicitly. In the sequel, if
several overall processing orders will be used simultaneously, these notions will
refer to # by default.

Example 6.17. The graph G() for the Example 6.2 is given in Figure 6.3.
The critical path is U = (10,13,16,17,2,5,8,9,6), w = 9. There are three blocks
on this path By 3 = (10,13,16), By 7 = (17,2,5,8), Bgg = (9,6). &

tWe say Py, , # Py, ifa=1, P, # Pu,',_'_1 ifb=w.



6.3. Related problems 139

6.3 Related problems

Assuming ¢ = 1 we obtain the classic problem of scheduling parts on parallel
identical machines to minimise makespan, see Section 3.1 for more comprehensive
discussion of this subject.

Assuming m; = 1,1 € C (thus ¢ = m) we obtain the classic flow-shop problem,
for which a lot of exact and approximation algorithms have been developed. The
searched schedule can be either permutation (processing orders on all machines
are identical) or overall (no additional assumption is made). Industrial applica-
tions of this model are presented in the last chapter of this book. This model
is also considered as a fundamental in developing advantageous approximation
algorithms for more complex systems, e.g. considered here problem with infinite
capacity buffers. A significant progress has been observed recently in this field.
First, the worst-case analysis made for the known and some new algorithms have
introduced an objective, instant-independent list of ranks, see Table 5.6. Second,
due to this list and due to experimental results, there is selected the champion al-
gorithm (N EH) and the most fruitful approach — an insertion technique, Nawaz
et al. [212]. Next, a skilful combination of insertion technique with tabu search
approach has provided fast and easily implementable algorithms with excellent
solution performance, which allow us to solve problems up to 10,000 operations
on a PC in a reasonable time, Nowicki and Smutnicki [231]. At the end, there
are also designed more powerful B&B methods, successfully run on instances up
to 2,000 operations, [236, 323]. Assuming all cells non-bottleneck but k-th, one
can obtain a problem of scheduling operations on parallel identical machines with
ready times and delivery times to minimise maximum makespan, see also Section
3.1

Several results have been obtained in other special-cases, chiefly for the sys-
tems having two cells with one non-bottleneck. These results are summarized in
Table 6.2.

6.4 Schedule characterisation

From Section 6.2 it follows that any schedule (S, P) can be represented in a
unique way by an overall processing order 7 € II, and any 7 generates a subset of
schedules equivalent to it if the makespan is taken into account. In this section,
we discuss some relations to other known in the literature characteristics of the
schedule in the flexible flow line, namely the permutation processing order, cell
loading sequences and cell input/output sequences. The last one is strictly asso-
ciated with the m-processor notion, a convenient tool of modelling and analysing
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Table 6.2: The worst-case performance ratio n of an algorithm A (developed in B) for
mixed single- and multiple- machine cells and the makespan criterion

A B |c case nA
IS |31 2 = 1Lms > 2 3= 1/ms
LS | [311] my=...=Me1=1,mc>2 c+1-1/m,
J | [311 | 2 my=1,my =2 2
J [311] 2 m; = 1,m2 Z 3,
Crmax(77) < Yjec, Pj + MaXjec, Pj 2
J 1[311] ]2 m; =1,my > 3,
Cmax(7r") > Ejeﬁl pj + maxjec,pj | 1+ (2— miz)(l - ng
A | [311] | 2 my = mg > 2 3—1/my
A | [31]] my=...=m,>?2 c+1-1/m,
B |[311] | 2 my =my > 2 (7/3— 52,3 — )
B |[311] |2 my = my > 2 (2,3 = 1/my)
CLS | [43] |2 2 — 1/ max{mq, my}

some complex scheduling problems, Toczylowski [319]. Nevertheless, the model
formulated in Section 6.2 has been chosen consciously after analysing profits and
disadvantages of other available approaches.

In the classic flow-shop problem, there exist two clearly distinguished cases:
the permutation flow-shop problem in which all machines process the parts in the
same order, and the general flow-shop problem in which various machines can
process the parts in different orders. The primal case has been introduced chiefly
to facilitate algorithm construction in order to satisfy some rare technological
requirements and/or to simplify the rule of service part queues. Nevertheless,
the latter (significantly harder) case usually provides solutions with the lower
makespan value, and from this point of view it seems to be more attractive.
Most of the papers have considered only the primal case, treating the latter one
marginally, which however is not fully justified.

Among the algorithms formulated for FP one can find a class of methods gen-
erating the so-called permutation processing order, Ding and Kittichartphayak
[61]. Although this notion has already been introduced and used, principal dif-
ferences between permutation and non-permutation cases of this problem have
not been discussed by the authors. As we will show below, these notions can be
defined and understood in a various manners.

We call 7 € 1T the weak permutation processing order if there exists a permu-
tation o, € P(€) such that sequence (er;(1),- - -, €n;(n,)) is @ subsequence of o, for
any ¢ € M. This definition prohibits the parts from passing over, i.e. if for some
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machine a part ¢ precedes a part 7 then there is no such machine that allows a
part j to precede a part i. To check whether a given 7 is the weak permutation
processing order we can proceed as follows. Create the graph (£, J(r)) having
thfe set of nodes £ and the.: set of arcs J(7) = U;epm U;‘;’ll{(e,r'.(j),e,,'.(]-_l_l))}. If
this graph does not contain a cycle then 7 is the weak permutation processing
order. The permutation o4 = (04(1),...,04(e)) € P(€) required in the definition
can be found in O(o) time as the order of nodes such that “if there exists a path
between nodes 0,(z) and 0.(j) then it has to be i < 57.

Example 6.18. Job processing order from Example 6.2 is not the weak
permutation processing order. A weak permutation processing order for the ma-
chine workload given in Example 6.2 is e.g. m = (1,4,7), 7, = (10,13,16,19),
T3 = (11,17,2,5,8), 4 = (14,20), 75 = (12,18,6,9), 76 = (3,15), 77 = (21).
This order yields the makespan value of 310. ¢

For each o € P(€) there exist Tj_; [((m1)® — S pi7 (#)k®)/(mu)!] processing
orders m € II such that none of the sets A;, ¢ € M, is empty and = is generated by
o. For example, for ¢ = 3, m; = my = mz = 2 and e = 10 this number exceeds
108. Thus, one can say that finding a weak permutation processing order is
relatively easy due to large freedom. On the other hand, the arbitrary restriction
of the considered processing orders only to those being the permutation in the
weak sense can lead to extremely bad makespans. Let us consider the example
of the system with 3 cells, single machine at cells 1 and 3, and two machines at
cell 2,ie. ¢ =3, m = m3z =1, my = 2. In this system, we have to process
e parts of two types. There are e — 1 parts of the first type and a single part
of the second type. Each part of the first type has processing times equal to
p1 = ps = 1/(n — 1), p2 = €. The part of the second type has processing times
equal to py = pg = ¢, ps = 1. It is easy to prove that if € — 0 the best weak
permutation processing order provides the makespan approximately twice longer
than the best non-permutation order. One can say that the flexibility of the
system has been completely destroyed (or not applied) in this case.

We call permutation 7, € P(L;) the list sequence of cell 1 if S, ;) < 5741
j=1,...,1; = 1 where I; = |£;|. The loading sequence of cell l is determined by
the sequence of parts p; € P(E), p1 = (er,(1)» -« - »€n(1y))- Each 7 corresponds one-
to-one to p;. Note that 7; does not determine directly and univocally the machine
workload at cell 7, thus does not determine univocally the overall processing order
7. In practice, the final assignment of operations to machines is performed by an
auxiliary list schedule algorithm LS (with ceratin rule M L of machine loading)
which uses 7; on its input. Obviously, the obtained results strongly depend on the
applied rule M L. This dependence is clearly visible if we admit machine set-up
times and/or the use of unrelated machines.
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Figure 6.4: Input/output sequence representation with machine set-ups

At the end, let us discuss a representation of the schedule by the input/output
cell sequence [319]. Since the proposed tool is more powerful than we need, we
restrict our attention only to those aspects that are applicable to the problem
stated. This approach is designed for cell consisting of a number of identical
parallel machines called m-processor ®, and by definition cannot be extended to
the case of unrelated machines. For each cell there are defined two sequences of
operations: the input sequence 1 € P(L;) and the output sequence w; € P(L;).
These sequences introduce only the order of events “starting” and “completing”,
namely S.,;y < SrG41), 5 =L, —1,and Gy 5) £ Cuig1), J = L, i = L.
The approach does not determine explicitly the machine workload, assuming that
one can be found univocally. To prevent cell overloading, there are introduced
additional constraints, which takes in our case the follwing form

Gati) + SaitBztiemd) L Fnflitnm) (6.8)

where 4,,,(j)=,(j+m,) 15 the change over time between the operations w;(j) and 7;(;j ).
We will show that the last assumption does not hold if we consider the classic
machine set-up times, so the representation of the schedule by input/output
sequences cannot be extended even to the case of identical parallel machines
with machine set-up times. To this end, let us consider the example shown in
Fig. 6.4, see case (a). Two identical parallel machines in a cell process four

°It can also be applied to modelling of buffers, pallets, etc.
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operations starting from a non-zero primal fill (marked as shadow). We define
only some necessary machine set-up times A3 = 2d, Agg = d, A3 = 0, A4 = 2d,
where d is a constant. Assuming 7 = (1,2,3,4) and w = (1,2,3,4), by virtue of
(6.8) we have two inequalities to prevent cell overload, namely C; + 615 < S5 and
Cz+ 024 < S4. Concentrate on ;3. There is an unsolved problem how to set this
value. By setting 613 = A3 = 2d we obtain the situation shown in Fig. 6.4 (a).
Due to setting this value to d or zero, operation 3 shifts to the left on machine
1 and provides tottally incorrect solution. However, the solution from Fig. 6.4
(a) is also incorrect, since the proper solution for this instance is provided in Fig.
6.4 (b). Observe, Fig. 6.4 (b) provides another solution with exactly the same
input and output cell sequences, so the same sequences can lead to many various
schedules. However, the problem of finding, for the given sequences, the proper
schedule has a combinatorial character. In the considered example the difference
53 —C depends on the “history”, therefore é;5 need to own some “strange” value
found as a result of the previously scheduled operations.

We call 7 € II the strong permutation processing order if there exists a per-
mutation 7, € P(&) such that the sequence (e, .. .»€n,) is a subsequence of 7,
for any ! € C. This definition forces a unique order in all queues of jobs waiting
for cells, i.e. if for some queue the part ¢ precedes the part j that there is no
queue that the part j precedes the part i. To check whether a given 7 is the
strong permutation processing order we can make as follows. Create the graph
(€,J(m)) having the set of nodes £ and the set of arcs J(7) = Ujcc{(eir€;) :
i,j € Ly, S; < S;} If this graph does not contain a cycle then 7 is the strong
permutation processing order. The permutation 7, required in the definition can
be found as the order of nodes in this graph.

If m; = 1,1 €C, then both definitions are equivalent.

6.5 Algorithms for the basic model

In this section we propose and discuss the solution algorithms based on a local
search approach, which is currently the best known technique for constructing
approximation algorithms of various hard optimisation problems, see Section 2.3.
Two of these approaches, namely simulated annealing and tabu search, have been
analysed in detail, since they can apply immediately some theoretical properties
developed for neighbourhoods used in the search.

6.5.1 Neighbourhoods

Based on conclusions drawn by Nowicki and Smutnicki [230, 231], there are con-
sidered only neighbourhoods based on the so-called insertion moves. In this case,
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such a type of moves is associated with = and can be defined by a triple (j,%,¥),
which means that operation j is removed from the mp; and inserted in the po-
sition ¥ in the permutation m; (y becomes a new position of j in 7; extended in
such a way). Clearly, it hastobei € M, 1<y <m+1if i #P;,1<y<m;
ifi=P;.

The neighbourhood of 7 consists of the orders 7, generated by the moves v
from a given set. Using natural, simple approach one can propose the insertion
neighbourhood {m, : v € V(7)} generated by the move set

vioy=J U Vir) (6.9)

jEO ‘iEMCj

where V;i(r) = Uph {(j,4,9)} if ¢ # P;j and Vji(r) = UyL, {(4,%,9)} if ¢ = F; 6.
The set Vj;() contains moves such that operation j is deleted from the permu-
tation 7p, and inserted in all possible positions in the permutation ;. One can
prove that the number of moves in V() equals approximately oe. The neigh-
bourhood {7, : v € V(7)} possesses the connectivity property that guarantees
the possibility of finding globally optimal solution, see Section 2.3.

Example 6.19. The move set V() for the Example 6.2 is shown in Table
6.3. It contains 140 moves marked by white and black bullets. Moves marked by
dots are redundant. &

The final quality of the local search algorithm depends among others on the
computational complexity of the single neighbourhood search and on the neigh-
bourhood size. This is highly important for those local search methods which
tested entirely the neighbourhood. Our previous research shows that such algo-
rithms behave much better if we evaluate descendants directly by the criterion
value, [230, 231, 232]. Therefore V(x) is considered as highly time-consuming.
Hence we introduce a new notion, i.e. reduced neighbourhood which contains “the
most promising part” of the original one.

The main idea of the reduction consists in eliminating some moves from V()
for which it is known a priori (without computing the makespan) that they will
not immediately improve Cppax(7). By employing certain graph property “if there
exists in G(m,) a path containing all nodes from U, where U is found for G(r),
we have Crax(Ty) > Cmax(T)” we propose the following reduced set of moves

wm =) U Wiln), (6.10)

jeUieM.;

Set V(7) is examined to eliminate redundant moves, i.e. moves that provide the same
solutions.
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Table 6.3: Sets V(r) and W () of moves v = (j,1,y) for Example 6.2

J ly=1 2 3 4 5 6|1 2 3 4 5 e; | ¢ | P | = | block
1 . o o o o o o o 1 1 1 1
4 -+ 0 0o o o o o 2 1 1 2
7 o . . o o o o o 3 1 1 3
10 e o o oo 0 e e 4 1] 2 1 B3
13 e o o o - e e 5 1 2 2 B3
16 e o o o . - o 6 1 2 3 B3
19 o o o o o o . . 7 1 2 4
1=3 i=4 ’
Jlly=1 2 3 4 5 6|1 2 3 4 5 & | ¢ | B | %5 | block
11 . o o o o o o0 o 4 2 3 ;|
17 . - e e o e o© o 6 2 3 2 By
2 ° . c o e o o o 1 2 3 3 By
5 e o - - e e o o 2 2 3 4 By 7
8 e o o . e o . o 3 2 3 5 By 7
14 o o o o o o - o 5 2 4 1
20 o o o o o o . 7 2 4 2
i=5 1=6 1=7
T ly=1 3 4 5 6|1 2 3 4 5|1 2] | |F|z |block
18 - o o o o o o o o 6 3 5 i
12 . « 0o o o o o o o 4 3 5 2
9 o . . o o o e o 3 3 5 3 Bgg
6 o o . e o o o o 2 3 5 4 Bgyg
3 o o o o . ) o o 1 3 6 1
15 o o o o o . . o o 5 3 6 2
21 o o o o o o o o . 7 3 7 1

where W;;(7) C V;i(7) are defined only for j € Byy C U in the following manner.
If a = b, we put Wj;(r) = 0. If i # P; and a # b then Wj;(r) = Vji(«). In the
remaining cases, i.e. if i = P; and a # b, we set: Wi(m) = Vii(m) \ Xj(2u, +
Lywy, — 1) if 7 € Bap \ {uq, us}, where

1
Ai?(k’l) = U{(‘jan,y)}- (6.11)

y=*k

Next we set Wii(7) = Vii(r) \ Xj(1, z5) if § = uq; Wji(m) = Vji(m) \ (25, ni)
if 7 = up. The strongest reduction is possible for ¢ = P; and a # b: if a = 1 and
J # up, we can set Wj;(r) = Vji(r) \ Xj(1, 2y, — 1); by symmetry if b = w and
J # g, we can set Wj;(r) = Vji(m) \ Xj(2u, + 1,7:).

Example 6.20. The move set W(r) for the Example 6.2 is shown in Table
6.3. It contains 53 moves marked by black bullets. &
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Although principally the problem from [232] does not allow incomplete part
routes (a part must pass through all cells), however, by direct analogy from [232],
one can derive the following theoretical results. First, the proposed reduction of
the neighbourhood size is significant.

Property 6.1. |V(7)|/ |[W(7)| = o/w. O

Assuming uniform distribution of machines over cells and uniform distribution
of parts over machines, we have o/w ~ m. Indeed, a reduction of the neighbour-
hood size observed in computational experiments was equal (with a small error)
to the number of machines in the system. Second, the reduction is advanta-
geous since the skipped part of the neighbourhood is “less interesting” from the
immediate improvements point of view.

Property 6.2. For any overall processing order m,, v € V(7) \ W(r), we
have Cpax(Ty) > Crmax(7T). O

Next, the reduced neighbourhood preserves the connectivity property that
guarantees the possibility of finding optimal solution.

Property 6.3. For any 7! € II there exists a finite sequence 7',..., 7" such

that 7it! € {m, : v € W(x?)} fori = 1,...,7 — 1, and 7" is an optimal overall
processing order. O

The specific structure of the proposed neighbourhood allows us to search it
exactly (using makespans) in a very efficient manner.

Property 6.4. Makespans for all 7,, v € W(x) can be found in a time
O(ew). O

This last result is rather shocking. Since there are O(ew) neighbours in the
reduced neighbourhood, we conclude that each Cpax(7,) can be found in a time
O(1), instead of the originally required O(o). Note, Property 6.4 can be applied
only while calculating all neighbours from W(7) but not for a separate neighbour.
Since the calculation of makespans for all neighbours consumes almost 100% of
the algorithm’s running time, the application of this property is crucial for the
speed of the algorithm. For example, using the Property 6.4 for the instances
with o = 3000 one can observe in experiments the reduction of a running time
by about 1500 times. It is better than we ever can imagine!

6.5.2 Simulated annealing algorithm

In this section we analyse the impact of the results from Section 6.5.1 on the
application of SA approach. We consider some variants of S/A algorithm com-
paring them with the tabu search method presented in the next subsection. All
examined variants are based on the scheme proposed by Osman and Potts [237].
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A neighbourhood (one of those from Section 6.5.1) of the current solution
is searched in a random way using uniform distribution. Two cooling schemes
have been examined: (1) logarithmic T;4; = T;/(1+ 8T;), (2) logarithm-periodic
Tiy1n = T3/(1 4+ BT;) if T; > T* and T;4y = Ty in other cases, where T* is a
threshold value, 1 = 1,...,7 — 1, and I is the assumed number of iterations. For
each scheme we need to set 77 and f, and for scheme (2) additionally 7*.

Three implementations with different computational complexity were consid-
ered:

(V) V(x)is used. For each neighbour chosen at random, the makespan is calcu-
lated immediately by using (6.5).

(W) W(r) is used. For each neighbour chosen at random, the makespan is
calculated immediately by using (6.5).

(W+) W(r) is used. First, we detect whether = has been visited immediately
before. If so, for each neighbour chosen at random, we check whether this
neighbour has already been visited. If not, its makespan is calculated by
using (6.5) and stored. If so, the stored already makespan is taken. The
cost of computations decreases if a solution is repeated more than ew times
that has been observed for a low temperature.

The variant (W+) is a new proposition followed from an observation that
for the low temperature a solution is usually repeated many times before random
scheme select a change. The number of such repetitions is on average significantly
higher than the number of neighbours. That is why 5 A methods works slowly.

Experimental comparisons, depending upon neighbourhoods and tuning pa-
rameters, have been carried out for a wide class of random instances with o =
40..3000 and m = 20..200, see Nowicki and Smutnicki [232], for the generation
scheme. The conclusions obtained in all tested cases are similar, hence we only
illustrate them by means of a single (representative) instance. Experimental
comparison, depending upon neighbourhoods, is shown in Figure 6.5. A random
example having 50 parts, 300 operations, 6 machine cells with 3 machines at each
cell (18 machines totally) has been run with three different neighbourhoods based
on the neighbourhoods denoted as V, W, and W+. In the figure, there are shown
the best makespans found during the first 4000 iterations of the run.

Some experiments were carried out for SA algorithm to set the influence
of control parameters, the neighbourhood, initial temperature, cooling scheme
and limit of iterations on the algorithm quality. For SA + W and SA 4 (W+)
we set.experimentally the initial (Tp) and final (T5,) temperatures 5.0 and 1.0,
respectively. The limit of iterations is set as 10,000. The logarithmic scheme of



148 Chapter 6. Zero-inventory policy

1320 -

1315 1
SAHY
1310

1305

1300 1

MAKESPAN

1295 1 SA+W

1290 A

1285 4

1280 1

1275

0 500 1000 1500 2000 2500 3000 3500
ITER

Figure 6.5: Comparison of SA method using different neighbourhoods. The best
makespan found during the run (typical run for e = 50, o = 300, m = 18)

cooling has been applied with the parameter 3 found on from the dependence 8 =
(To—1T)/(10,00079T,,). Algorithm SA+V is found to be very sensitive to proper
selection of cooling scheme, which however has not been observed for SA+W and
SA+(W+). Assuming for SA+V slow reduction of the temperature, too distant
solutions are accepted in the primal phase of the run, and therefore the algorithm
very poorly converges to a good solution. In turn, assuming high reduction of
temperature, the behaviour of SA+V tends towards descending search with drift
(DSD) methods, which has poor performance. In practice SA + V requires the
initial and final temperatures approximately m times lower comparing with these
for SA+ W and SA + (W+). Very subtle differences were found by varying
the cooling scheme for SA + W and SA + (W+), chiefly within the first 1,000
iterations. However, no other dominant cooling scheme has been selected. It is
clear that application of the neighbourhood W provides high profits.

6.5.3 Adaptive memory search algorithm

The proposed algorithm AM S uses two memory classes of the search history: a
short-term memory represented by the cyclic list T' of the length LengthT called
the tabu list and a long-term memory of attractive search regions with unvisited
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neighbours of the best solutions already visited. The tabu list stores attributes
of the overall processing orders visited defined by a certain pair (or two pairs) of
adjacent operations at a cell. The selection of the pair(s) depends on the move
performed. The list is initiated by LengthT empty elements. The new element
introduced to T replaces the oldest one. The move performed from a processing
order m introduces to T one or two new elements (g,h) consistent with =, i.e.
(9,h) € coA(r) where coA(r) is a transitive closure of A(7). More precisely, let
(4,1,y) be a performed move. Then, if ¢ # P; we introduce to T the pair (85,7)
if 3; # o and additionally the pair (4,3;) if 5; # o. If i = P;, we introduce (85,7)
if z; >y or (4,5;) if z; < y. The move v = (4,1,y) from processing order 7 has
tabu status (cannot be performed) if there exists on the list T a pair (g,h) which
is consistent with 7, but not with =, i.e.

v € W(r) has tabu status <> 3(g,h) € T : (g,h)) € coA(r) A (g,h) € coA(r,).
(6.12)
This definition is equivalent to the following more practical condition. The move
v=(4,%,9), ¢ # P;, has the tabu status if at least one pair (j, m;(k)),y < k < n;,
or (mi(k),7), 1 < k < y, belongs to T. For i = P; this move has the tabu status
if at least one pair (7;(k),7), z; < k <y, if z; < y, or at least one pair (j, m;(k)),
y<k<zj;ifz; >y, belongs to T.

Example 6.21. Assuming T = (), the tabu list for the Instance and the
processing order 7 from Example 6.2 is formed as follows. Consider move v =
(13,1,2) which deletes operation 13 (located in 75 = (10,13,16,19) in position
2) and inserts it in position 2 in m; = (1,4,7). Denoting 8 = m,, we have
B/ = (1,13,4,7), B2 = (10,16,19) and B; = ; for the remaining i. Performing
this move we add to T pairs (10,13) and (13,16). Assuming that the first block in
3 contains operation 13, the following moves from § are forbidden: (i) (13,2,y),
y = 1, since among pairs (13,082(k)), 1 = y < k < ng = 3, there exists pair
(13,16) € T, (1) (13,2,9), 2 < y < 4, since among pairs (82(k),13), 1 <k <y
there exists pair (10,13) € T. Therefore operation 13 cannot be inserted in any
position in ;. ¢

Given a job processing order m, its neighbourhood is searched in a specific way
based on the local diversification strategy with move filtration. First, the move
set W(r) is split into individual subsets W;;(7), each of them associated with a
particular job and machine, i € M;, j € U. Each such a subset is then searched
separately, without checking the tabu status, to find the best move in terms of
the makespan value. The moves filtered in this way create the basic move set
W (r) considered for this 7. The filtration is to some extent similar to a class of
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Figure 6.6: Comparison of AMS method using different neighbourhoods. The best
makespan found during the run (typical run for e = 50, o = 300, m = 18)

strongly reduced neighbourhoods from Section 3.1 7.

The long-term memory is associated with the searching trajectory. Starting
from the initial solution 7% we perform successive iterations, generating the se-
quence of solutions 7% 71,.... At the i-th iteration (¢ = 0,1,...) for the given
solution 7! we search the neighbourhood defined by the move set W(x?). Attrac-
tive search regions with their selected attributes (e.g. the processing order, move
set) are stored in the long-term memory and used to guide the search in many
diverse directions of the solution space. The details of this technique called back
jumps on the search trajectory are given by Nowicki and Smutnicki [230, 231, 232].

Experimental comparison of neighbourhoods is shown in Figure 6.6. A ran-
dom example having 50 parts, 300 operations, 6 machine cells with 3 machines at
each cell (18 machines totally) has been run with three different neighbourhoods
based on the move sets V(7), W(r), and W(r) with the application of Property
6.4. In the figure, there are shown the best makespans found during the first
t seconds of the run. Tt is clear that application of Properties 6.3-6.4 provides
‘high profits. Such results have been observed for all instances, and profits are
much more advantageous for greater sizes of instances. The detailed behaviour

"The place of insertion of the part j is not random but selected in a specific. way.
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Figure 6.9: AMS trajectory (first 1,000 makespans, Crmax(7?), i = 1,...,1000) with the
neighbourhood W (typical run for e = 50, o = 300, m = 18)

of AM S algorithm is shown in Figure 6.9. Makespans of visited solutions change
themselves significantly, although the best up-to-now makespan quickly decreases
(white line). Note that classic descending search method will stop after a few it-
erations in a local extremum.

Comparison of AM S with SA method shows its clear advantages, Fig. 6.9.
AM S faster converges to the best solution than S A and this superiority becomes
higher when the size of the instance is greater. For greater instances the cost of
calculations of S'A is unacceptable large.

Algorithm AM S has more intesively been examined in the paper of Now-
icki and Smutnicki, [232], using 1800 random instances of various sizes (o0 =
40,...,1800, e = 20,...,300, m = 4,...,60) and various schemes of generation
(fixed or random number of machines at a center, different parts, groups of similar
parts). AM S algorithm provides better makespan than the best known heuristics
by 0.2-11.4 within first 1,000 iterations, and by 0.2-13.7% within 10,000 itera-
tions. The main improvement appears within the first 1,000 iterations. The rela-
tive improvement of AM S algorithm is on average 5 times greater (11 times ex-
tremally) than the relative improvement of the classic descending search method
(DS) designed specially for this problem. This superiority increases if the number
of centers increases.
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Figure 6.10: Gantt Chart for Example 6.4 (no buffers)

6.6 No buffers

In this section, we deal with the problem where no storage place for parts is
allowed. This case has been considered as one of these fundamental for JIT
philosophy. '

The production system has mathematical formulation from Section 6.2 pro-
vided that there are no buffers between cells/machines. It means that each part
having a route from some machine 7 to a downstream machine k£ can pass im-
mediately from 7 to & if and only if k is free. Otherwise, it has to remain on ¢
until k¥ becomes available, but prevents another part from being processed on %,
i.e. blocks machine i. Let C} denote the time in which machine P; is released
after completing operation j. A feasible schedule is defined by a triple (5,C’, P),
where § = (51,...,5,), C' = (C!,...,C), P = (P,...,P,), such that above
constraints are satisfied, when operation j starts on machine P; € M., at time
S§; > 0 and occupies this machine till the time moment Ci.

Example 6.22. A feasible schedule for the Instance and overall processing
order from Example 6.4 is shown in Gantt Chart, Fig. 6.10. For example, op-
eration 14 of part 5 at cell 2 is performed on machine 4, is started at time 50
and completed at time 140, however it blocks machine 4 till time moment 220
since part 5 begins processing at cell 3 (operation 15) at time 220, i.e. P14 = 4,
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S14 = 50, C1, = 220. The makespan is 360. <

For a given 7 the appropriate feasible schedule has to satisfy (6.1)~(6.4) and
the following constraints

Ci, <8, 1€0, t;#o, (6.13)
Cs, < Siy 5€ 05 5 # o, (6.14)
c;<Cl, jeo. (6.15)

Although (6.2)-(6.3) and (6.13)—(6.15) are redundant, e.g. (6.2) can be obtained
from (6.15) and (6.13), nevertheless we consciously leave them to introduce and
employ some special properties of the problem. Since there are no buffers, then

we have
C; = S;j (6.16)

if 7 # o and C} = C; otherwise. Inserting (6.16) to (6.13)—(6.15), and next
eliminating some (but not all) redundant and all trivial conditions 8, one can
prove that the starting times S; have to satisfy the already known comstraints
(6.1)-(6.4) and ‘an additional requirement

S;, <S5 i €0, 85 # 0,8y # 0. (6.17)

By using (6.1)—(6.4) and (6.17) we propose the following recursive formulae on
starting times of operations

S] = ma.x{SEJ + p,ﬁj’ Sij + p-s-j’ Sfﬁj} (6.18)

where ¥, = 0, S, = 0 = p,. Similarly as (6.5), all S; can be calculated in O(0)
time.

Constraints (6.1)—(6.4), (6.17) as well as starting times § have a convenient
interpretation on a graph model. For this purpose we use the graph G(7) =
(0, A*UA(r)UA'()) with the set of nodes O and the set of arcs A*UA(T)UA'(T)
where A* and A(7) are defined by (6.6)—(6.7). The set of arcs

A'(m) = U G (6.19)

JEO; Ij?".o; EEJ ;’:O

represents buffering constraints (6.17). The weight of the arc (j,§§j) e A'(r)
is minus p;. Notions S;, C; and Cpax(7) have the same meaning as in Section

8The aim is to leave basic constraints (6.1)-(6.4) and support them by a minimal set of
conditions necessary to get a feasible solution
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Figure 6.11: Graph G(7) for Example 6.4 (no buffers)

6.2. Notion CJ’- does not have immediate interpretation in this graph, its mediate
meaning follows from (6.16). Comparing this graph with that from Section 6.2
one can see it as an extension obtained by introducing buffering arcs A’(7).

One can consider this model as rather inconvenient since it contains arcs with
negative weights, “artificial” in some sense. Indeed, due to the special structure
of G(r), each arc (¢,5) € A'(7) can be replaced by a set of zero-weighted arcs
{(k,4): (k,i) € A*UA(7)}. However, such a modification generally increases the
number of arcs in the outcome graph and, moreover, it complicates the properties
formulated next. Therefore this possibility has consciously been overlooked.

The relation between processing order 7, graph G(7) and feasible schedule is
united in the following property.

Property 6.5. For each 7 such that G(w) has no cycle, there exists a feasible
schedule (S,C’, P) of the problem without buffers, such that § is determined by
(6.18), C’ by (6.16), Pr,jy = 4,5 =1,...,m;, i € M, and S, C’ are as small as
possible. O

Proof. If G(r) has a cycle, it must be of a positive length due to special
structure of weights assigned to nodes and arcs. Thus, for operations (nodes)
from this cycle we cannot find any feasible times of “starting” events which might
satisfy all precedence constraints. Hence, no feasible schedule (5,C’, P) can be
obtained in this case:
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Assume that G(7) has no cycle. We will show that for the found schedule
(5,C’, P) all events appear in correct order. First note that buffering constraints
(6.16) are satisfied. Completion times C have to satisfy clear condition (6.4).
From (6.18) we immediately obtain (6.1)—(6.3). Since §; = Sft]. then from (6.16)

we obtain §; = C’E’j that provides (6.13). Next, applying (6.18) and (6.16) we
have §; > S— = C’ for s; # o and #;; # o. For s; # oand ¢, = o, we
have S; > C’ = C’ ! . These last two results provide (6.14). Finally, applymg
(6.18) and (6. 16) we have for t; # o the inequalities §; > Cy; and §; = C't ,
Cij > Cy;, that provides (6.15). Easy proof necessary for showmg that S, C” are
as small as possible we leave to the reader. m

Note that the feasible schedule for a given 7 is determined fundamentally by
the single formulae of S, whereas C’ has a secondary character since it follows
from S. Because the starting times S; found by (6.18) are as short as possible,
Crmax(T) = maxjeo C; is the minimal makespan that can be obtained for this «.
Next, we will consider only feasible overall processing orders m € II* = {a € I :
G(e) has no cycle } °.

Let us define the critical path U and blocks Bg in G(7) in the same way
as in Section 6.2. While the existence of multiple critical paths in the problem
from Section 6.2 is of little importance (this case rarely exists), now it becomes
significant for the distribution of blocks. A path from a node s; to j can pass
either by the single arc (s;,5) € A(m) or by two arcs (s;,1;,) € A* and (fﬁj,j) €
A'(7) in this order. In both cases, the lengths of paths are the same, however the
distributions of blocks are extremely different. To employ the block elimination
properties we realise the policy of “a small number of long blocks”, hence the
former path will be preferred. Unfortunately, the block notion does not suffice to
make an solution algorithm good enough, since Property 6.2, fundamental to the
use of move set W(r), does not hold in this case. Nevertheless, by introducing
some new notions we can restore all advantageous properties. The extended
critical sequence U* = (uj,...,u}) is a sequence obtained from U by inserting an
additional element S,, between any successive operations uy_; and ug such that
(ug-1,ur) € A'(7). Generally, U* need not be any path in G(7). Next, we define
an eztended block B, as a maximal subsequence of the successive operations
(u3,---,u;) from U* such that Pys = ... = = Pyy.For the convenience of notations
we set U* = {uf,...,ul}, BY = {u},.. ub}

Example 6.23. The graph G(7) for the Example 6.4 is given in Figure 6.11.
The critical path is U = (10,13,16,17,2,3,15,20,21), w = 9, and the extended

9The problem of cycle does not exist in the system with infinite capacity buffers.
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critical sequence is U* = (10,13,16,17,2,3,15,14,20,21), 2 = 10. There are
five extended blocks in this sequence, i.e. B}, = (10,13,16), B = (17,2)
Bg,7 = (3, 15), B’gk,g = (14, 20), .Bikoylo = (21). <>

’

The main idea of the neighbourhood size reduction presented in Section 6.5.1
consists in eliminating some moves from V() for which it is known a priori (with-
out computing the makespan) that they will not immediately improve Crax(T).
The move v such that there exists in G(m,) a path containing all nodes from
the critical path in G(7) (i.e. nodes from ) has the required property and thus
can be eliminated. Instead of an explicit but time-consuming search of all these
moves, we propose several simple and fast conditions for identifying most of them.
A move can be eliminated if at least one of the following conditions is satisfied:

(1) j does not belong to U*,
(2) 5 beiongs to extended block B, containing only single element, i.e. a = b.

All further cases refer to the situation where j € B}, and i = P;, i.e. move is
performed inside the permutation 7p;:

(3) move is made inside the extended block, i.e. j € B, \ {u},u;} and z,: <
y< xu;,

(4") first element in extended block is moved to the left, i.e. j = u}, y < Zus,
(4") last element in extended block is moved to the right, i.e. j = u}, y > Zuz.

(5') first element in the first extended block is moved to the right inside this
block, ie. a =1, j = u3, y < Tys.

(5") last element in the last extended block is moved to the left inside this block,
ie.b=w,j=u;,y> Tup-

These cases have been justified for the classic block notion [232], however they
need an explanation for the extended blocks. Observe that if C U* and at most
u’ need not be in U. Moreover it has to be u},ut € U and uj € U for any b.
If u € U, the extended block B, has the same properties as the classic block.
Hence cases (1), (2), (5'), (5”) are clear since they must refer to conventional
blocks, as well as cases (3), (4'), (4”) if only u} € U. Let us consider u; & U.
Any alteration of operations inside the extended block (i.e. operations from
Bay \ {u%,u}}) preserves all nodes from &/ within a path in the outcoming graph.
Similar results can be obtained in cases (4') and (4”).
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Therefore, at the end, we propose the following set of moves for creating the
reduced neighbourhood in the local search methods

wim =) U Wi (6.20)

JEU* iEMcJ'

Sets WY;() C Vji(w) are defined only for j € B%, C U* in exactly the same way
as W;;(m), see Section 6.2, however with respect to extended block By,.

Example 6.24. The move set W*(r) for the Instance and processing order
from Example 6.4 (no buffers) is shown in Table 6.4. It contains 34 moves marked
by black bullets. Moves marked by time symbol are unfeasible. &

Let us analyse theoretical properties of the proposed neighbourhood {r, : v €
W*(m)}. The proposed reduction of the neighbourhood size strongly depends on
the distribution of extended blocks. Although the detailed analysis has been
made, final conclusions, assuming near uniform distribution, are similar to those
from Property 6.1. So the reduction remains significant. It is still advantageous
since the skipped part of the neighbourhood is “less interesting” if we take account
of the immediate improvements.

Property 6.6. For any overall processing order m,, v € V() \ W*(7), we
have either 7, & II* or Crax(Ty) > Cmax(T). O

The proof of this fact can be obtained by analysing the paths in the graph
G(m). Since the methodology of producing such proofs has been known, Grabow-
ski et al. [111], therefore it will be omitted.

One can expect that the remaining fundamental properties also hold. Unfortu-
nately, even a simple instance with two parts, four operations, two machines, two
cells and having the typical structure of the non-permutation flow-shop without
buffers shows the lack of connectivity property. Moreover, this instance clearly
shows that the optimal solution cannot be reached without passing the search
trajectory through the unfeasible region II \ II*. This significantly complicates
the form of further theoretical properties. Let us discuss this subject in detail.

We assume that the search trajectory can contain both feasible and unfeasible
processing orders. For the unfeasible processing orders = € II \ II* we set the
makespan Cpax(m) = 0o and the move set '

Z(r) = | J{G, Piz; = 1),(3, B - 1,1), (5, B + 1, 1)} (6:21)
JjEO

where the move (j, P;,0) does not exist ‘and the moves (j,4,1) does not exist
either if 1 € M,,. Observe, this move set is a generalisation of that minimal with
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Table 6.4: Sets V(7) and W*(7) of moves v = (4, ¢, y) for Example 6.4 (no buffers).

1=1 1=2
Jly=1 2 3 4 5 6|1 2.3 4 5 ej | ¢ | Pj | ;j | block
1 . o [ o o ] o ) 1 1 1 1
4 . . o o o o o o 2 1 1 2
7 o . . o [ o o o 3 1 1 3
10 e X X X . o X X 4 1 2 1 B;,s
13 [ . ) . . . O X 5 1 2 2 B;,a
16 o x x x x . o 6 1 2 3 B;,3
19 o o o o o [ - 7 1 2 4
1=3 i=4
Jly=t 2 3 4 5 6|1 2 3 4 5 ej [ ¢ | B5 | =j | block
11 . o o (<] <] ] o o 4 2 3 1
17 . . e x X X o x 6 2 3 2 B;,s
2 . . o e e x X 1 2 3 3 B;,s
5 o o . . o [ [ o 2 2 3 4
8 o [ o . . o o o 3 2 3 5
14 X e x X X . X 5 2 4 1 Bg’g
20 x X e o o . 7 2 4 2 Bg o
1=35 1 =6 1=7
I fy=1 2 3 4 5 6]1 2 3 4 5|1 2| ¢ ]| |Fi|=| blok
18 “. o o [ [} o [ o o 6 3 5 1
12 . . o [ o o ) o [ 4 3 5 2
6 ) . . o o o o o o 3 3 5 3
9 [ [ . [ o [ o [ 2 3 5 4
3 x X e X e o o 1 3 6 1 Bé‘,7
15 o o ° . . e x 5 3 6 2 Bg,-,
21 * o o o X X e . 7137 1 | Bfyqo

the connectivity property form Section 3.1. The connectivity property is satisfied
for the generalised move set Z*(r) defined as follows: (a) if 7 € II* then we set
Z*r)={v: ve W*(r), m, € II*}, (b) if 7 € Il \ II* then we set Z*(7) = Z().

Property 6.7. For any 7! € II there exists a finite sequence 7!,..., 7" such
that #*t! € {m, : v € Z*(x")} for i = 1,...,7— 1, and 7" is an optimal overall
processing order. O

Instead of the full formal proof, we provide only its outline. To this end we
refer to the scheme of the proof of Property 3.10. Consequently, we need to
show that for each 7' there exists a move in Z*(r*) such that the distance, see
the distance measure (3.27), to optimal solution' 7* decreases, i.e. p(7’,7*) >
p(x*tl 7*). If only # € II*, the required move v belongs to W*(x*), and
7+l ¢ II*, then,.by modifying:the mentioned proof, we can obtain the neces-
sary inequality of the distance measure. If 7 € IT*, the required move v is in
W*(7) but ni+1 & II*, we perform the required move and obtain an unfeasible
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Center

Figure 6.12: Search accelarator. Modification of graph G (=) for Example 6.4 (no buffers)
and move v = (17,4,2). Phase 1

solution 7'*!, but the distance to the optimal solution still decreases. Next, con-
tinuing with this unfeasible solution we perform moves however from Z(r), that
allow us to reduce the distance to the optimal solution even though we need to
pass through unfeasible ones. Finally, we can reach a feasible optimal solution.

This strategy of searching is relative to strategic oscillation technique known in
AMS approach, Glover [87]. Such an interpretation of the connectivity can be in-
cluded in the algorithm in an easy way. We modify the basic step of the algorithm
as follows: if the current processing order is feasible, we select the move to be per-
formed by searching in the traditional way among feasible neighbouring solutions
ie. {(7)y :v € W*(r),(), € II*}, see AM S algorithm in the previous Section
for details. If no move has been selected but the set {(7), : v € W*(xr),(7), € II*}
is not empty, we add the empty element to tabu and then we repeat the selec-
tion. If the set {(7), : v € W*(x),(r), € II*} is empty, we select a move from
W*(7) to obtain the unfeasible solution by checking only tabu status but not the
makespan. In turn, if the current solution is unfeasible, we select the move to be
performed among those from the set Z(7) by checking the tabu status as well as
the makespan.

The last subject discussed hereafter refers to the most exciting element of
local search methods, i.e. to the search accelerator. Its construction for the
problem stated is much more complicated than for other problems (e.g. the one
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Center

Figure 6.13: Search accelerator. Modification of graph G(7) for Example 6.4 (no buffers)
and move v = (17,4, 2). Phase 2

with single cell or multiple cells with infinite capacity buffers), since a single move
introduces significant changes in the graph G(7) . Whereas a move changes in
those problems few arcs and only those from A(7), for the problem stated the
single move modifies usually 12 arcs, both from A(7) and A’(7). In the sequel,
we outline the general scheme of the search accelerator for the flow-line problem
without buffers. This method allows us to find the makespans for all feasible
moves from the set | J;¢ Me, W*(7) in a time O(o), thus acceleratating the search
O(e) times.

Let v = (4,1, y) be a selected feasible move. Consider graph G(7) and graph
G(my). The former one can be obtained from the latter by a two-phase modifica-
tion. First we define a mediate graph H;(,) by removing in G() the operation j
from P;, but without making the insertion yet. The graph H;(7) can be obtained
from G() in a time O(1) by removing arcs (s;,) and (j,3;) from A(r), removing
arcs (_t_éj,j) and (%;,3;) from A'(r), adding the arc (s;,3;) to A(r), and adding
the arc (Lij,gj) to A’(r). Note, this graph is common for all moves from the set
Uiem. W*(r). Clearly, the respective arcs are removed and added if only such

exist. The illustration of the phase 1 is shown in Fig. 6.12. It represents the move
v = (17,4,2) made from the processing order from Example 6.4. In the second
phase, the appropriate insertion of the operation j is performed starting from
H;(). To this end we need to remove two moves (m;(y — 1), 7i(y)) € A(r) and
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(Tri(y—1)>Ti(y)) € A'(7), and next to add the moves (m;(y — 1),7) and (4, mi(y))
to A(r), and the moves (Zr,(y—1),J) and (%;, m:i(y)) to A’(r). The illustration of
phase 2 is shown in Fig. 6.13. The accelerator refers to the values Ry, Qs, s € O,
calculated for the graph H;(w). The value R; equals the length of the longest
path passing into the node s (without p;) in this graph, whereas @Q; equals the
length of the longest path passing out of the node s (also without p,). All these
values can be found in a time O(0). Analysing the graph G((7),), it is sufficient
to consider two separate subcases depending on the fact whether the longest path
passes through the node j or not. Hence, the makespan for the move v = (J,4,%)
can be found in a time O(1) by applying the following formulae

Cmax(("r)'u) = max{ma*x{Rm(y—l) + Pri(y-1)» RJa R } + b;

tri(y-1)

+ ma'X{Qj7p1r,'(y) + Qw,‘(y)}, C} (622)

where C is the length of the longest path in H;(7). To complete the accelerator,
we only mention that for a given j € O we can find in a time O(o) all preceding
nodes (i.e. there exists a path from a preceding node to j) and all succeeding
nodes in H(x). Thus, we can test the feasibility of all moves from (J;¢ Mq, W* ()

in a time O(o).

Property 6.8. The feasibility of all ,, v € W*(7) can be checked in a time
O(ow). O

Property 6.9. The makespans for all feasible m,, v € W*(7) can be found
in a time O(ow). O

Although, the results obtained are not so valuable as the result from Property
6.3, it still remain significant, since the single neighbourhood can be searched in
a time O(e), which is faster than the explicite calculation of the makespans for
all neighbours.

Experimental test of AM S algorithm has shown clear advantages of the ap-
plication of the reduced neighbourhood, see Figure 6.14. In this figure there are
shown the best makespan values for AM S methods with the neighbourhoods
V() and Z2*(7) (with accelerator) during the first 150 seconds for an instance
with o = 300, m = 18 (typical run). In practice, unfeasible solutions in the search
trajectory have been observed very rarely.
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Figure 6.14: Comparison of different neighbourhoods for AMS without buffers. The best
makespan found during the run (typical run for e = 50, o = 300, m = 18)

6.7 Machine buffers with limited capacity

To prevent superfluous machine blocking one can accept alimited storage by using
buffers of small capacity. The size of individual buffers can also be employed as
a tool in controlling flows of parts in JIT systems.

The production system has mathematical formulation in Section 6.2 with an
additional constraint that buffer F; is located before machine ¢ and has capacity
fi > 0, i.e. it can store at most f; parts at a time, Figure 6.15. It means that
each part completed on some machine and sent to a machine ¢ can be stored
in the buffer F; if it is not completely filled, otherwise this part must remain
on the primal machine (blocking this machine) until will be transferred to a
buffer. A feasible schedule is defined by four vectors (5', 9, C’, P) such that above
constraints are satisfied, and the part e;, before performing operation j, goes to
the buffer Fp, at time § ;, is taken from the buffer at time .S;, starts processing
on machine P; € M., at time 5; and occupies this machine till time moment C7.

Several problems arise depending on physical (mechanical) construction of the
buffer. They generate some additional constraints, e.g.: (a) a part must go on the
machine only through a buffer, (b) some parts can skip buffer and go immediately
on the machine, (c) each buffer has capacity one (or at most one), (d) parts arrive
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Figure 6.15: Flow line with machine buffers

at the buffer and leave this buffer in the same sequence (FIFO service rule), (e)
parts can arrive at the buffer, but the sequence of arrival is different from the
leaving sequence (any service rule), (f) passing a part through the buffer needs a
time, usually constant for all parts. Clearly, these constraints should be applied
in a reasonable way, e.g. either (a) or (b) can be applied, either (d) or (e) can
be applied, (c) eliminates (d) and (e), however can also be combined with (a) or
(b), etc. Note that (e) requires explicitly a sequence o; in which parts arrive at
the buffer F; to prevent competitions where “the winner takes the last free place
in the buffer”. Clearly, parts must leave buffer F; in the sequence =;, which is
the processing order on machine i. Taking into account the notions and models
that have already been introduced we can propose a few “ad hoc” approaches to
solve these problems.

Assuming any of non-zero buffer capacities, FIFO service rule and zero passing
time, we can replace each machine buffer F; by a sequence of f; fictitious ma-
chines with zero processing times for each part. Originally buffered as well as all
fictitious machines aquire now the non-buffered status. (Buffer passing time can
be modelled next as a time of transport between successive fictitious machines.)
In spite of a simplicity of the description, this approach has some serious disad-
vantages. The most significant is the size of the model measured by the number
of nodes and arcs in appropriate graph G(r), since it is crucial both for the time of
a single neighbourhood search as well as for a cardinality of the move set. In the
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proposed approach, the size of the model significantly depends on buffer capaci-
ties, namely the number of nodes and arcs in the graph G(7) is O(} ;e p(1+ fi))
times larger than for that from Section 6.2. A next disadvantage is associated
with processing times which are assumed to be positive (non-zero). Moreover,
to ensure the feasibility of an overall processing order, processing orders on all
fictitious machines in a sequence leading to machine 7 must be conformable with
m; 0. So, moves cannot be defined separately for fictitious machines, since their
workload and processing orders follow from processing orders on real machines.
This complicates the definition of a move as well as the properties which would
be useful for the application of local search method, particularly in the context
of an analogy of Property 6.4. A modification of the proposed approach consists
in using, instead of F;, an auxiliary buffer with capacity f; — k followed by a
sequence of k fictitious machines for some k£, 1 < k < f;.

An alternative approach is to replace the machine buffer F; by a set of f;
parallel fictitious machines with zero processing times. This set is dedicated for
processing operations from the set A; only. The originally buffered machine i
as well as fictitious machines after this transformation attain the non-buffered
status. Although this model does not contravene the FIFO buffer service rule,
and thus is recommended for buffers without fixed service rule, it has similar
disadvantages as the first proposed approach.

It is well-known that the ideal model should be simple, small and convenient
as much as possible. Unfortunately, cases listed at the beginning of this subsec-
tion imply a few various special small models or a single general model but of
bigger size. Obviously, the complexity of models increases with the increasing
complexity of problems (and constraints), but the efficiency of algorithms de-
creases at the same time. That is why we discuss several models. The first one,
dedicated to f; € {0,1}, is related to that from Section 6.6 and preserves the
original size of the graph. The second, recommended for any f; and FIFO service
rule, is of the size at most twice as big as that of the primal.

6.7.1 Unit machine buffers

In this section we consider the most common case f; € {0,1} where no passing
over of the buffer is allowed if f; = 11!, Thus o; = 7;, 1 € M. We start from some
auxiliary notions. The b-machine predecessor/successor r;, T; of the operation j
is set as 1. (;) = mi(j — fi) forj = ﬁ +1,...,n;,and rp ;) =oforj=1,. ,fi;
Tr) = Mi(d + fi)for j=1,. — fi,and 7 ()_oforj_n,+f,+1

For the considered case we have if i=0thenr;, =j="7;if f; =1 then

10This is only a necessary condition, but not sufficient.
11f f; = 0, we say that all parts pass over the buffer.
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r; = 8, T; = 5;. For a given 7, an appropriate feasible schedule (s8,¢,C', P)

has to satisfy (6.1)—(6.4) and (6.13)-(6.15). Invalid constraint (6.16) should to
be replaced by

C} = max{Cj, SEEJ-} (6.23)
where r, = o and S, = 0. New constraints on S; should be also included
S;<8;,i€0, (6.24)
Ci, =5t #0,5€0, (6.25)
Sy, < S, r;#0,j€0. (6.26)
From (6.25)—(6.26) and (6.23) we deduce that
§; = max{C,, 5y} (6.27)

where C, = 0. Inserting (6.23) and (6.27) into the remaining conditions we
obtain, after some simple transformations, besides (6.1)—(6.4), an additional re-

quirement
Sy, % 57, (6.28)
L t

for j € O such that r; # o, t; # o, 5t # o. Finally, we can propose the following
recursive formulae of starting times of operations

S; = max{Sy, +py,, Sa, + Pe;» 5z;, } (6.29)
23

where 7, = 0, t, = 0, S, = 0 = p,. Similarly to (6.5), all S; can be calculated in
O(o) time.

Example 6.25. A feasible schedule for the Instance and overall processing
order from Example 6.4, assuming that each machine buffer has the capacity one,
is shown in Gantt Chart, Fig. 6.16. For example, operation 4 of part 2 at cell 1
is performed on machine 1, it comes to the buffer of this machine at time 0, is
started at time 80, and completed at time 110. However, it blocks machine 1 till
the time moment 130, since buffer to machine 3 at cell 2 (where this part has to
go) is busy. Hence Py =1, 5} =0, 54 = 80 C4 = 110, C; = 130. The makespan
is 330. ©

The appropriate graph model can be formulated as follows: G(7) = (0, A* U
A(m)U A'(7)) where A* and A(7) are given by (6.6)-(6.7). The set A’(7) of arcs
representing buffering constraints need to be re-defined and now takes the form

Al(r) = U {(z;,5,)} (6-30)

JEO; 1,#0; 17055 Fo0
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Figure 6.16: Gantt Chart for Example 6.4 (each of the machine buffers has capacity of
one)

suitable for (6.28). The arc (r;,3;;) € A’(7) has the weight minus p,.. Notions
S, Cj, and Crax(7) have the same meanings as in Section 6.2. A processing order
7 is united with the feasible schedule (5’,.5,C’, P) by the following property.

Property 6.10. For each 7 such that G() has no cycle, there exists a feasible
schedule (57,5, C’, P) of the problem such that S is determined by (6.29), C’ by
(6.23), §' by (6.27), Pr,jy = 4,5 =1,...,m;, 1 € M, and §’, C, C' are as small
as possible. O

Proof. If G(r) has a cycle, it must be of positive length due to special
structure of weights assigned to nodes and arcs. Thus, for operations (nodes)
from this cycle we cannot find any feasible times of “starting” events which might
satisfy all precedence constraints. Hence, no feasible schedule (5’,5,C’, P) can
be obtained in this case.

Assume that G(7) does not contain a cycle. We will show that events appear
in correct sequences, and each buffer ¢ contains not more than f; parts in each
time moment ¢. First consider events. From (6.29) we immediately get (6.1)-
(6.4). Condition (6.15) follows from (6.23). Since obviously S, < §j, then by
using (6.2), (6.23) we have §; > ma,x{CEj,Szj} = C’éj which provides (6.13).
Inserting (6.23) to (6.27) we obtain (6.25).' By using (6.25) and (6.2) we have
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Center

Figure 6.17: Graph G(x) for Example 6.4 (each buffer has capacity of one)

§% = C; < S, which provides (6.24). Formulae (6.26) is obtained immediately
&)
from (6.27). Since §,; < 5; by (6.29) and C; < S; from (6. 2), by using (6.23)

we have C” = max{C’s ,Sr- } < S5, which prov1des (6.14).

Next analyse the buffer capacmes We will show that for each time moment
the number of parts in the buffer F; is not larger than f;. Since the buffer changes
its state only in discrete time moments, we can check buffer overflow only in 5 ;-,
J € O. Consider separately two cases. If “f; = 0” then r; = j and from (6.24)-
(6.26) we have §; = §} = Ct;. It means that part ¢; between operations ¢; and
t is sent without using buffer Fp,. If “f; = 17 then r; = s; and from (6. 26) we
have §;. < 5j. ;- Hence buffer Fp, contains in 57 zero parts, so loading this buffer
with a new part e; in 5; we do not make the overflow.

Since (6.29) corresponds to the longest path in a graph, and therefore S;,
Jj € N, are as small as possible, C’ and S’ are as small as possible either. »

By virtue of Property 6.10 we conclude that Crax(7) = maxjeo C; is the
minimal makespan of the schedule (5’,5,C’, P) obtained from a given .

Let us define the critical path U and blocks Bgp in G(7) in the same way as in
Section 6.2. Unfortunately, neither block nor extended block notions are sufficient
for introducing the advantageous reduction of the move set, see Properties 6.2
and 6.5. To obtain an analog of these properties we have to introduce some new
notions. First, for U we calculate the extended critical sequence U* and extended
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blocks By, in the same way as in Section 6.6. For each extended block BY,, we
define an anti-block B, as follows: B, = () (empty) if b = z or (ug,ufyy) €
A*, and By = (J1,---,J5+1) such that j; = uf, jry1 = 35, for k = 1,..., f;,
i = Pj,, otherwise. By the definition of A’(7) such a sequence always exists and
Jfi+1 = Tj. Denote by By the set of elements from the sequence B; , and let

U = UB;bgu* Bb_

Example 6.26. The graph G(7) for the Example 6.4 (each of the ma-
chine buffer has capacity of one) is given in Figure 6.17. The critical path
is U=(10,13,16,17,12,3, 20,21), w = 8, and the extended critical sequence is
U*=(10,13,16,17,12,3,14, 20,21), z = 9. There are five extended blocks in this
sequence By 3 = (10,13,16), Bis = (17,12), B = (3), Big = (14,20), B3o =
(21). Antiblocks B3, By, By , By are empty, whereas By = (3,15). ¢

We propose the following set of moves for tabu search method

whmy= | U Wi) (6.31)

JEUrUU— 1E€EM;

Sets WJ";(W) C V;i(r) are defined, depending on extended blocks and anti-blocks,
only for j € B5, UB; CU*UU~. If j € B, such that |B;| < 1 we define
W;;(?T) in the way in exactly the same as Wj;(r), see Section 6.2, however with
respect to extended block B},. If j € By, UB,, |Bb_| > 1, and ¢ # P;, we
set W;;(ﬂ') = V;i(7). In remaining cases, i.e. if ¢ = P;, a # b, |Bb_| > 1
we set: WJ";(W) = Vii(m) if j = ug; W;;(ﬂ') = V() \ Xj(ug + L2y — 1) if
7 € By \ {us, up}h; Wii(m) = Vys(m) \ Xi(zuz + Lyor, —1)if j € By \ {uf,Tu};
Wi () = Vii(n) \ Xj(1,25) if § = ul; Wih(r) = Vis(m) \ Xj(zj,m) if j = Ty,

Among few theoretical properties of the proposed neighbourhood {m, : v €
W+ ()} we deal only with the most important. The reduction of the neighbour-
hood size is advantageous since the skipped part is “less interesting” if we take
account of immediate improvements.

Property 6.11. For any overall processing order m,,, v € V(r) \ W¥(7), we
have either 7, & II* or Crpax(7y) > Cmax(7). O

6.8 Comments and conclusions

The proposed approach can be extended to more general cases which cover most
of the practical applications in flexible flow lines scheduling problems and also in
scheduling parts in a flexible cell production (work cells). The proposed model
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has significantly small dimension than other models which can be proposed for
the problem stated. Moreover, it can be modified without essential complication
to include at least the following constraints: there is a time of job transport
between cells, jobs arrive in various time moments, machines are available after
their ready times, jobs must be finished before the given due date, jobs must be
finished just in time, etc. Also the non-uniform machines as well as the machine
set-up times can be included, see Section 3.3 for details, with all mentioned there
consequences.

The remaining components of the proposed algorithm (not discussed here) are
presented in detail in [232] and have been selected from among many alternative
constructions that were tested and examined by various researches papers [230,
231, 232]. Excellent computational results obtained for all problems from cited
papers can be obtained also in all considered cases.

Further research should be carried out to examine the remaining types of
buffers already mentioned. Although some works have been devoted to this sub-
ject, Smutnicki [307], the proposed models should be improved, particulary for
the case of machine buffers greater than two.



Chapter 7

Final conclusions

7.1 Industrial applications

Many industrial applications of the considered models have been given. We men-
tion only a few of them, reported in the papers already published:

chemical industry: problems of scheduling serial multi-product batch plants
are modelled by means of classic flow shop model, flow-shop with NS, ZW,
or LS (limited storage) policies, mixed NS/LS/ZW policy, cleaning times
(set-up times), transfer times, shared buffer, etc, or appropriate models
with parallel units per each stage [23, 53, 118, 155, 170, 177, 189, 243, 252,
265, 318, 330, 331],

building industry: the basic problem emerges from a factory in Poland and
uses the flow-shop model with mixed NS/ZW policy [114], a more advanced
model incorporates also non-bottleneck machines,

printed circuit assembly: the basic model refers to the flow-shop with set-up
times [162] applied in a factory in Korea, more advanced model refers to
flexible flow line with NS policy in an IBM division [337],

computer systems, telecommunication networks: a list of applications of
flexible flow-line models is enumerated in [28, 149],

spaceship processing: this is the most incredible application of the flexible
flow-line model with NS policy found in the Kennedy Space Center [149],

polymer, chemical and petrochemical industries: see applications in che-
mical branches and also [55],

Further applications one can find in packing industry, transport, FMS, see
also [149].
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7.2 Future research directions

The results presented in this thesis do not exhaust neither theoretical problems
arising in JIT systems nor appropriate solution methods. A rich variety of pro-
duction structures has been observed in practice. As to the subjects, there are at
least the following research directions with the immediate applications in manu-
facturing processes:

(a) NS inventory control policy in a flexible job-shop (FJS) and flexible network
(FN),

(b) ZW inventory control policy for different production structures (FFS, FJS,
FN),

(c) comparison between NS and ZW for different production structures,
(d) the influence of set-up times and transport times on inventory policy,

(e) minimal WIP policy (with the best delivery performance based on due
dates) linked with NS inventory control for different production structures,

(f) minimal cycle time with NS and ZW inventory control,
(g) buffer (store) size selection,

(h) incorporation of more complex buffer structures, e.g. the shared buffer, ded-
icated part buffers, input/output buffers, buffering performed by transport
system,

(i) negotiation of delivery dates.

All these problems can be analysed by using tools and approaches outlined in
this thesis.

7.3 Epilogue

The models and methods known from the deterministic scheduling theory can
be applied to analyse some selected problems of optimisation and control in JIT
manufacturing. Simultaneously, JIT philosophy creates demands, addressed to
ST, for new, advanced models of more complex manufacturing structures and
efficient solution methods. Several types of local search methods and their appli-
cation to automated and conventional JIT manufacturing have been considered
and examined. Most of them belong the very new generation of fast methods
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with very high accuracy, created on the base of SA or TS approach with the
reduced neighbourhood and search accelerator. These methods express several
important features: they ensure (in a range unknown up to now) a balanced
compromise between the solution quality and the computational effort necessary
to find a good solution, they allow us to solve industrial instances of a high size
in a reasonable time even on a PC, can easily be adjusted to parallel computing.
This is a step towards better algorithms of automated manufacturing control as
well as semi-learned optimisation algorithms of new generation.



Bibliography

[1] Aarts E.H.L., van Laarhoven P.J.M., Simulated annealing: a pedestrain
review of the theory and some applications. In: Pattern Recognition and
Applications, Eds. Deviijver P.A. and Kittler J., Springer, 1987, Berlin.

[2] Achuthan N.R., Grabowski J., Sidney J.B., Optimal flow-shop scheduling
with earliness and tardiness penalties, Opsearch, 1981, 18, 117-138.

[3] Adams, J., Balas E., Zawack D., The Shifting Bottleneck Procedure for Job
Shop Scheduling, Management Science, 1988, 34, 391-401.

[4] Adamopolous G.I., Pappis C.P, Scheduling jobs with different, job-depen-
dent earliness and tardiness penalties using SLK methos, European Journal
of Operational Research, 1996, 88, 336-344.

[5] Aderohunmu R., Mobolurin A., Bryson N., Joint Vendor Buyer Policy in Jit
Manufacturing, Journal of Operational Research Society, 1995, 46, 375-385.

[6] Agrawal A., Harhalakis G., Minis 1., Nagi R., Just-in-Time Production of
Large Assemblies, IIE Transactions, 1996, 28, 653—667.

[7] Al-Turki U.M., Mittenthal J., Raghavachari M., A dominant subset of V-
shaped sequences for a class of single-machine sequencing problems, Furo-
pean Journal of Operational Research, 1996, 88, 345-347.

[8] Amin S., Using Adaptive Temperature Control for Solving Optimisation
Problems, Baltzer Journals, 1996, (in print)

[9] Ansari A., Heckle J., JIT purchasing: Impact of freight and inventory costs,
Journal of Purchasing Matl. Management, 1987, 23, 24-28.

[10] Applegate D., Cook W., A Computational Study of the Job-Shop Schedul-
ing Problem. ORSA Journal on Computing, 1991, 3, 149-156.

[11] Ashayeri J., Gelders L.F., Warehouse design optimization, Furopean Jour-
nal of Operational Research, 1985, 21, 285-294.

[12] Askin R.G., Mitwasi M.G., Goldberg J.B., Determining the Number of
Kanbans in Multiitem Just-in-Time Systems, IIF Transactions, 1993, 25,
89-98.

[13] Bagchi U., Sullivan R., Chang Y., Minimizing Mean Squared Devifmtion
of Completion Times About a Common Due Date, Management Science,
1987, ?5, 894-906.

[14] Baker K.R., Introduction to Sequencing and Scheduling, Wiley, New York,
1974.



176 BIBLIOGRAPHY

[15] Baker K.R., A dynamic priority rule for scheduling against due dates,
TIMES/ORSA Conference, Houston, 1981.

[16] Baker K.R., Martin J.B., An experimental comparison of solution algo-
rithms for the single-machine tardiness problem, Naval Research Logistics
Quartely, 1974, 21, 187-199.

[17] Baker K.R., Su Z.S., Sequencing with due dates and early start times to
minimize tardiness, Naval Research Logistics Quartely, 1974, 21, 171-176.

[18] Baker K.R., Scudder G.D., Sequencing with earliness and tardiness penal-
ties: A review, Operations Research, 1990,30, 22-36.

[19] Baker K.R., Su Z.S., Sequencing with due dates and early start times to
minimize tardiness, Naval Research Logistics Quartely, 1974, 21, 171-176.

[20] Balas E., Vazacopoulous A., Guided Local Search with Shifting Bottleneck
for Job Shop Scheduling, Management Science Technical Report MSRR-
609(R), Carnegie Mellon University, Pitsburgh, PA 15213, 1995.

[21] Battiti R., Tecchiolli G., The reactive tabu search, ORSA Journal on Com-
puting, 1994, 6, 126-140.

[22] Belov LS., Stolin Y.N., An algorithm in a single path operations schedul-
ing problem, Mathematical Economics and Functional Analysis (Russian),
1974, Nauka, Moscow, 248-257.

[23] Birewar D.B., Grossmann LE., Incorporating scheduling in the optimal

design of multiproduct batch plants, Computers and Chemical Engineering,
1989, 13, 141-161.

[24] Bitran G.R., Chang L., A mathematical programming approach to a deter-
ministic Kanban system. Management Science, 1987, 33, 427-441.

[25] Blazewicz J., Zlozonos¢ obliczeniowa problemé kombinatorycznych, WNT
1988

[26] Blazewicz J., Ecker K., Schmidt G., Weglarz J., Scheduling in Computer
and Manufacturing Systems, Springer-Verlag, 1993.

[27] Blazewicz J., Domschke W., Pesch E., The job shop scheduling problem:
Conventional and new solution techniques, Furopean Journal of Operational
Research, 1996, 93, 1-33.

[28] Brah S.A, Scheduling in a flow shop with multiple processors, Ph.D. Dis-
sertation, University of Houston, TX, 1988.

[29] Bratley P., Florian M., Robillard P., On sequencing with earliest starts and
due dates with application to computing bounds for (n/m/G/F) problem,
Naval Research Logistics Quartely, 1973, 20, 57-67.

[30] Brucker P., Jurish B., Sieviers B., A Fast Branch&Bound Algorithm for
the Job-Shop Problem, Discrete Applied Mathematics, 1994, 49, 107-127.

[31] Brucker P., Scheduling algorithms, Springer-Verlag, Berlin, 1995.

[32] Buffa E.S., Taubert W.L., Production-Inventory Systems: Planning and
Control. Richard D. Irwin, Homewood, 1972.



BIBLIOGRAPHY 177

[33] Buzacott J.A., Automatic transfer lines with buffer stocs, International
Journal of Production Research, 1967, 5, 183-200.

[34] Cai X., V-shape property for job sequences that minimize the expected

gcim llgtitlagg)time variance, European Journal of Operational Research, 1996,

[35] Campbell H.G., Dudek R.A., Smith M.L., A heuristic algorithm for the n
36%1)7 m machine sequencing problem. Management Science, 1970, 16, B630—

[36] Carlier J., The one-machine sequencing problem, European Journal of Op-
erational Research, 1982, 11, 42-47.

[37] Carlier J., Scheduling jobs with release dates and tails on identical machines
123% ér1i§16g1ize makespan, European Journal of Operational Research, 1987, 29,

[38] Carlier J., Pinson E., An Algorithm for Solving the Job-Shop problem.
Management Science, 1989, 35, 164-176.

[39] Carlier J., Pinson E., Jackson’s pseudo-preemptive schedule for the Pm/|r;,-
¢;|Cmaz scheduling problem, Technical Report, Universite de Technologie
de Compiegne, HEUDIASYC, 1996.

[40] Chapman S.N., Just-in-time supplier inventory and empirical implemmen-
’%z(x)toi?n model, International Journal of Production Research, 1989, 27, 1993~

[41] Chaudhury A., Whinston A.B., Towards an adaptive Kanban system, In-
ternational Journal of Production Research, 1990, 28, 437-458.

[42] Chen H.G., Operator Scheduling Approaches in Group Technology Cells —
Information Request- Analysis, IEEE Transactions on Systems, Man, and
Cybernetics, 1995, 25, 438-452. -

[43] Chen B., Analysis of Classes of Heuristics for Scheduling a Two-Stage Flow
Shop with Parallel Machines at One Stage, Journal of Operational Research
Society, 1995, 46, 234-244.

[44] Chen C.L., Vempati V.S., Aljaber N., An application of genetic algorithm
gosrgﬁgwghop problems, European Journal of Operational Research, 1995, 80,
-396.
[45] Cheng T., Optimal Common Due Date With Limited Completion Time
Deviation, Computer and Operations Research, 1988, 15, 91-96.

[46] Cheng T.C.E. , Gupta M.C., Survey of scheduling research involving due

date detemination decisions, Furopean Journal of Operational Research,
1989, 38, 156-166

[47] Cheng C.C., Smith S.F., Applying Constraint Satisfaction Techniques to

Job Shop Scheduling, Technical Report CMU-RI-TR-95-03, Carnegie Mel-
lon University, Pittsburgh, 1995.

[48] Cheng L.P. , Ding F.Y., Modifying Mixed-Model Assembly-Line Sequenc-
ing Methods to Consider Weighted Variations for Just-in-Time Production
Systems, IIE Transactions, 1996, 28, 919-927.



178 BIBLIOGRAPHY

[49] Choi J.W., Investment in the Reduction of Uncertainties in Just-in-Time
Purchasing Systems, Naval Research Logistics, 1994, 41, 257-272.

[50] Co H.C. , Jacobson S.H., The Kanban Assignment Problem in Serial Just-
in-Time Production Systems, IIE Transactions, 1994, 26, 76-85.

[51] Crawford K.M., Blackstone J.H.Jr, Cox J.F., A study of JIT implementa-
tion and operating problems, International Journal of Production Research,
1988, 26, 561—1§6§.

[52] Dannenbring D.G., An evaluation of flow-shop sequencing heuristics. Man-
agement Science, 1977, 23, 1174-1182.

[63] Das H., Cummings P.T., Le Van M.D., Scheduling of serial multiproduct
batch processes via simulated annealing, Computers and Chemical Engi-
neering, 1990, 14, 1351-1362.

[54] Davidor Y., A Naturally Occuring Nice & Species Phenomenon: The model
and First Results, Proc. of 4’th Int. Conf. on Genetic Alg., 1991, Morgan
Kaufmann Publishers, 257-263.

[55] Deal D.E., Yang T., Hallquist S., Job scheduling in petrochemical produc-
tion: two-stage processing with finite intermediate storage, Computers and
Chemical Engineering, 1994, 18, 33-344.

[56] Del’Amico M., Trubian M., Applying Tabu Search to the Job-Shop Schedul-
ing Problem, Annals of Operations Research, 1993, 41, 213-252.

[57] Deleersnyder J.L., Hodgson T.J., Muller H.M., O’Grady P.J., Kanban clon-
groo%edl éllu systems: An analytic approach, Management Science, 1989, 35,

[58] Della Croce F., Narayan V., Tadei R., The two-machine total completion
time flow shop problem, Furopean Journal of Operational Research, 1996,
90, 227-237.

[59] Diaz B.A., Restricted neighborhood in the tabu search for the flowshop
problem, Furopean Journal of Operational Research, 1992, 62, 27-37.

[60] Ding F.Y., Cheng L.P., A Simple Sequencing Algorithm for Mixed-Model
Assembly Lines in Just-in-Time Production Systems, Operations Research
Letters, 1993, 13, 27-36.

[61] Ding F.Y., Kittichartphayak D., Heuristics for scheduling flexible flow lines,
Computers Industrial Engineering, 1994, 26, 27-34.

[62] Dorigo M., Maniezzo V., Colorni A., Ant System: Optimization by a Colony
of Cooperating Agents, IEEE Transactions on Systems, Man, and Cyber-
netics. Part B: Cybernetics, 1996, 26, 29-41.

[63] Dutta S.K., Cunningham A.A.,Sequencing two-machine flow-shops with fi-
nite intermediate storage, Management Science, 1975, 21, 989-996.

[64] Eck B., Pinedo M., Good Solution to Job Scheduling Problems Via Tabu
Search. Presented at Joint ORSA/TIMS Meeting, Vancouver 1989.

[65] Edosomwan J.A., Marsh C., Streamlining the material flow process for just-
ini-time production, Industrial Engineering, 1989, 21, 46-50.



BIBLIOGRAPHY 179

[66] El-Rayal T.E., Hollier R.H., A review of plant design techniques, Interna-
tional Journal of Production Research, 1970, 8, 263-279.

[67] Ernst R., Pyke D.F., Optimal Base Stock Policies and Truck Capacity in a
2-Echelon System, Naval Research Logistics, 1993, 40, 879-903.

(68] Eshelman L.J., Schaffer J.D., Preventing Premature Convergence in Ge-
netic Algorithms by Preventing Incest, Proc. of 4’th Int. Conf. of Genetic
Alg., 1991, Morgan Kaufmann Publishers, 115-122.

[69] Fial T., Kozelit6 algorithmus a har6m gép problémara, Alkalmazott Matem-
atikai Logopok, 1977, 3, 389-398.

[70] Fisher H., Thompson G.L., Probabilistic Learning Combinations of Local
JobShop Scheduling Rules. [In:] J.F. Muth and G.L. Thompson (Eds.),
Industrial Scheduling, Prentice Hall, Englewood, Chichester, U.K., 1963.

[71] Flapper S.D.P.Miltenburg J., Wijngaard J., Embedding JIT into MRP.
International Journal of Production Research, 1991, 29, 329-341.

[72] Foo Y.P.S., Takefuji Y., Stochastic neural networks for solving job-shop

3%1(1]eduling, Proc. of IEEFE Int. J. Conf. on Neural Networks, 1988, 275~

[73] Foo Y.P.S., Takefuji Y., Integer-linear programming neural networks for
Ji%%-ghggls%la%duling, Proc. of IEEFE Inter. J. Conf. on Neural Networks,

[74] Foster G., Horngren C.T., Costs accounting and cost management in a JIT
environment, J. Cost. Mgmt., 1988, 4-14

[75] French S., Sequencing and Scheduling: An Introduction to the Mathematics
of the Job-Shop. Horwood, Chichester, UK, 1982.

[76] Funk J.L., A comarison of inventory cost reduction strategies in a JIT

manufacturin(% system. International Journal of Production Research, 1989,
27, 1065-1080.

[77] Garey M.R., Johnson D.S., Computers and Intractability: A Guide to the
Theory of NP-Completeness, W.H.Freeman and Co, New York, 1979.

[78] Garey M.R., Tarjan R.E., Wilfong G.T., One-Processor Scheduling with
Symmetric Farliness and Tardiness Penalties, Mathematics of Operational
Research, 1988, 13, 330-348.

[79] Gelders L.F., Sambandam N., Four simple heuristics for a flow-shop, Inter-
national Journal of Production Research, 1978, 16, 221-231.

[80] Gilbert J.P., The state of JIT implementation in the U.S.A., International
Journal of Production Research, 1990, 28, 1099-1109.

[81] Glauber R.J., Time-dependent statistics of the Ishing model, Journal of
Mathematical Phisics, 1963, 4, 294-299.

[82] Globerson S., Millen R., Determining learning curves in gruop technology

:SL%té;Zilngs, International Journal of Production Research, 1989, 27, 1653-



182 BIBLIOGRAPHY

[115] Graells M., Espuiia A., Puigjaner L., Sequencing intermediate products: A
practical solution for multipurpose production scheduling, Computers and
Chemical Engineering, 1996, 20, 1137-1142.

[116] Graham R.L., Bounds on multiprocessing timing anomalies, SIAM Journal
on Applied Mathematics, 1969, 17, 263-269.

[117] Graham R.L., Lawler E.L., Lenstra J.K., Rinnooy Kan A.H.G., Optimiza-
tion and approximation in deterministic sequencing and scheduling: a sur-
vey, Annals of Discrete Mathematics, 1979, 5, 287-326.

[118] Grau R., Espuiia A., Puigjaner L., Completion times in multipurpose batch
plants with set-up, transfer and clean-up times, Computers and Chemical
Engineering, 1996, 20, 1143-1148.

[119] Gravel M., Price W.L., Using Kanban in a job-shop environment, Interna-
tional Journal of Production Research, 1988, 26, 1105-1118.

[120] Groeflin H., Luss H., Rosenwein M.B., Wahls E.T., Final assembly sequenc-
ing for just-in-time manufacturing, International Journal of Production Re-
search, 1989, 27, 199-213.

[121] Grout J.R. , Christy D.P., An Inventory Model of Incentives for on-Time

Delivery in Just-in-Time Purchasing Contracts, Naval Research Logistics,
1993, 40, 863-877.

[122] Gunaskekaran A., Goyal S.K., Martikainen T. , Y1i-Olli P., Modeling and
analysis of Just-In-Time manufacturing systems, International Journal of
Production Economics, 1993, 32, 23-37.

[123] Gunasekaran A., Goyal S.K., Martikainen T., Yliolli P., Equipment
Selection-Problems in Just-in-Time Manufacturing Systems, Journal of Op-
erational Research Society, 1993, 44, 345-353.

[124] Gupta J.N.D., A functional heuristic algorithm for the flow-shop scheduling
problem. Operations Research Quarterly, 1971, 22, 39-47.

[125] Gupta Y.P., A feasibility study of JIT-purchasing systems implementation
in a manufacturing facility, International Journal on Operational Produc-
tion Management, 1987, 10, 31-41.

[126] Gupta Y.P., Bagchi P., Inbound freight consolidation under just-in-time
gzrlocurements: Application of clearing models, J.Bus.Logist., 1987, 8, 74—

[127] Gupta Y.P., Gupta M.C., A system dynamics model for a muti-stage multi-
line dual-card JIT-kanban system, International Journal of Production Re-
search, 1989, 27, 309-352.

[128] Gupta S.K., Kyparisis J., Single machine scheduling research, OMEGA
International Journal of Management Science, 1987, 15, 207-227. ‘

[129] Hahm J., Yano C.A., The Economic Lot and Delivery Scheduling Problem
- The Common Cycle Case, IIE Transactions, 1995, 27, 113-125.

[130] Hahn C.K., Pinto P.A., Bragg D.J., Just-in-time production and purchas-
ing, Journal of Purchasing Matl. Management, 1983, 19, 2-10.



BIBLIOGRAPHY 183

[131] Hall N.G., Kubiak W., Sethi S.P., Earliness—Tardiness Scheduling Prob-
lems, II: Deviation of Completion Times About a Restrictive Common Due
Date, Operations Research, 1991, 39, 847-856.

[132] Hall L.A., Shmoys D.B., Jackson’s rule for single-machine scheduling: Mak-
ing a good heuristic better, Technical Report, 1990.

[133] Hall R.W., Zero inventories. Down-Jones—-Irwin, Homewood, 1983.

[134] Hall R.W., Attaining Manufacturing Excellence. Down-Jones-Irwin, Ho-
mewood, 1987.

[135] Hall N.G., Posner M.E., Earliness-Tardiness Scheduling Problems, I:
Weighted Deviation of Completion Times About a Common Due Date,
Operations Research, 1991, 39, 836-846.

[136] Hall N.G., Sriskandarayah C., A survey of machine scheduling problems
})Vglgh blocking and no-wait in process, Operations Research, 1996, 44, 510—

(137] Hay E.J., The Just-In-Time Breakthrough. Wiley, New York, 1988.

[138] Herring B., Simulation helps tire manufacturer change from push to pull
system in controling material flow, Industrial Fngineering, 1989, 21, 38—40.

[139] Herrmann J.W., Lee C.Y., On scheduling to minimize earliness-tardiness
and batch delivery costs with a common due date, European Journal of
Operational Research, 1993, 70, 272-288.

[140] Ho J.C., Chang Y.L., A new heuristic for the n-job, m-machine flow-shop
problem. European Journal of Operational Research, 1990, 52, 194-206.

[141] Ho J.C., Flowshop sequencing with mean flowtime objective, European
Journal of Operational Research, 1995, 81, 571-578.

[142] Hodgson T.J., Wang D., Optimal hybrid push/pull control strategies for
a parallel multistage system. Part I. International Journal of Production
Research, 1991, 29, 1279-1287.

[143] Hoogeveen H., Hurkens C., Lenstra J.K., Vandervelde A., Lower bounds
for the multiprocessor flow shop, Presented at 2nd Workshop on Models
and Algorithms for Planning and Scheduling, Wernigerode, May 1995.

[144] Hoogeveen J.A., Kawaguchi T., Minimizing total completion time in a two-
machine flowshop: analysis of special cases, Working paper, Eindhoven Uni-
versity of Technology, 1995.

(145] Hopfield J.J. , Tank D.W., “Neural” computation of decisions in optimiza-
tion problems, Biological Cybernetics, 1985, 52, 141-152.

[146] Huang P.V., Rees L.P., Taylor III B.W., A simulation analysis of the Japa-
neese Just-in-time technique (with Kanbans) for a multi-line, multi-stage
production system. Decision Science, 1983, 14, 326-344.

(147) Hubscher R., Glover F., Applying Tabu Search with Influential Diversifica-
tion to Multiprocessor Scheduling. Technical Report, University of Colorado
at Boulder, 1992.



184 BIBLIOGRAPHY

[148] Hundal T.S., Rajgopal J., An extension of Palmers’s heuristic for the flow-
shop scheduling problem. International Journal of Production Economics,
19815)5, 26, 1119-1124.

[149] Hunsucker J.L., Shah J.R., Comparative performance analysis of priority
rules in a constrained flow shop with multiple processors environment. Fu-
ropean Journal of Operational Research, 1994, 72, 102-114.

[150] Ignall E., Silver E.A., The output of a two stage system with unreliable
machines and limited storage, Industrial Engineering, 1987, 19, 50-55.

[151] Im J.H., Lee S.M., Implementation of just-in-time systems in US manu-
facturing firms, International Journal on Operational Production Manage-
ment, 1989, 9, 5-14. :

[152] Inman R.R., Bulfin R.L., Sequencing JIT mixed-model assembly lines,
Management Science, 1991, 37, 901-904.

[153] Ishibuchi H., Misaki S., Tanaka H., Modified simulated annealing algo-
rithms for the flowshop sequencing problems, Furopean Journal of Opera-
tional Research, 1995, 81, 388-398.

[154] Jackson J.R., Scheduling a production line to minimize maximum tardi-

ness, Research Report, Management Science Research Project, University
of California, Los Angeles, 1955.

[155] Jung J.H., Lee H.K., Yang D.R., Lee I.B., Completion times and optimal
scheduling for serial multi-product processes with transfer and set-up times
15111 42ero—wait policy, Computers and Chemical Engineering, 1994, 18, 537~

[156] Kachur R.G., Electronic firm combines plant move with switch to JIT man-
ufacturing, Industrial Engineering, 1989, 21, 44-48.

[157] Kadluczka P., Wala K., Wyniki testowania metody szukania o zmien-
nej glebokosci na przykladach permutacyjnych zagadniein optymalizacii,
Zeszyty Naukowe AGH, Ser. Automatyka, 1991, 59, 127-134.

[158] Kanet J., Minimizing the Average Deviation of Job Completion Times
é&4%o%t5;11 Common Due Date, Naval Research Logistics Quartely, 1981, 28,

[159] Karmarkar U.S., Lot sizes, lead times and in-process inventories, Manage-
ment Science, 1987, 33, 409-418.

[160] Karmarkar U.S., Kekre S., Freeman S., Lotsizing and lead time performance
in a manufacturing cell. Interfaces, 1985, 15, 1-9.

(161] Kim T.M., Just-in-time manufacturing system: A periodic pull system,
International Journal of Production Research, 1985, 23, 553-562.

(162] Kim Y.D., Lim H.G., Park M.W., Search heuristics for a flowshop schedul-
ing problem in a printed circuit board assembly process, European Journal
of Operational Research, 1996, 91, 124-143.

[163] Kimura O., Terada H., Design and analysis of pull system: A method of
multi-stage production control, International Journal of Production Re-
search, 1981, 19, 241-253.



BIBLIOGRAPHY 185

[164] King J.R., Spachis A.S., Heuristics for Flowshop Scheduling, International
Journal of Production Research, 1980, 19, 345-357.

[165] Kirkavak N., Dincer C., Performance Evaluation Models for Single-Item

Periodic Pull Production Systems, Journal of Operational Research Society,
1996, 47, 239-250.

[166] Kirkpatrick S, Gelatt C.D., Vecchi M.P., Optimisation by simulated an-
nealing, Science, 1983, 220, 671-680.

[167] Kise H., Ibaraki T., Mine H., Performance analysis of six approximation
algorithms for the one-machine maximum lateness scheduling problem with
5%a5d3é Lilmes, Journal of the Operations Research Society of Japan, 1979, 22,

[168] Krajewski L.J., King B.E., Ritzman L.P., Wong D.S., Kanban, MRP and
shaping the production environment, Working Paper Series 83-19, College
of Administrative Science, Ohio State University, 1983.

[169] Krone M.J., Steiglitz K., Heuristic-programming solution of a flow-shop
scheduling problem, Operations Research, 1974, 22, 629-638.

[170] Ku H.M., Karimi I., Completion time algorithm for serial multiproduct
batch processes with shared storage, Computers and Chemical Engineering,
1990, 14, 49-69.

[171] Kubiak W., A pseudo-polynomial algorithm for a two-machine no-wait job-
shop scheduling problem, European Journal of Operational Research, 1989,
43, 267-270.

[172] Kubiak W., Completion time variance minimization on a single machine is
difficult, Operations Research Letters, 1993, 14, 49-59.

[173] Kubiak W., Sethi S., A note on “Level schedules for mixed-model assembly
lligfs 1i§12jus‘c—in—time production systems”, Management Science, 1991, 37,
[174] Kubiak W., Minimizing variation of production rates in just-in-time sys-
tems: A survey, European Journal of Operational Research, 1993, 259-271.
[175] Koulamas C., Single-machine scheduling with time windows and earliness

and tardiness penalties, Furopean Journal of Operational Research, 1996,
91, 190-202.

[176] Kunde M., Steppat H., First fit decreasing scheduling on uniform multipro-
cessors, Discrete Applied Mathematics, 1985, 10, 165-177.

[177] Kuriyan K., Reklaitis G.V., Scheduling network flowshops so as to minimize
makespan, Computers and Chemical Engineering, 1989, 13, 187-200.

[178] Kusiak A., Aplication of operational research models and techniques in

flexible manufacturing systems, European Journal of Operational Research,
1986, 24, 336-345.

[179] Kusiak A., Heragu S., The facility layout problem, European Journal of
Operational Research, 1987, 29, 229-251. .

(180] Van Laarhoven P.J.M., Aarts E.H.L., Lenstra J.K., Job Shop Scheduling
by Simulated Annealing. Operations Research, 1992, 40, 113-125.



186 BIBLIOGRAPHY

[181] Labetoulle J., Lawler E.L., Lenstra J.K., Rinnooy Kan A.H.G., Preemp-
tive scheduling of uniform machines subject to release dates, Progress in
Combinatorial Optimization, 1994, Academic Press, Florida, 245-261.

[182] Lageweg B.J., Lenstra J.K., Rinnooy Kan A.H.G., Job-Shop Scheduling by
Implicit Enumeration, Management Science, 1977, 24, 441-450.

[183] Lai T.C., A Note on Heuristics of Flow-Shop Scheduling, Technical Report,
National Taiwan University, 1995.

[184] Lakshiminarayan I., Lakshanan R., Papineau R., Rochete R., Optimal
single-machine scheduling with earliness and tardiness penalties, Opera-
tions Research, 1978, 26, 1079-1082.

[185] Larson N., Kusiak A., Work-in-Process Space Allocation — A Model and an
Industrial Application, IIE Transactions, 1995, 27, 497-506.

[186] Lawler E.L., Optimal sequencing of a single machine subject to precedence
constraints, Management Science, 1973, 19, 544-546.

[187] Lawler E.L., Lenstra J.K., Rinnooy Kan A.H.G., Recent Developments in
Deterministic Sequencing and Scheduling: A Survey. [In:] M.A.H. Demp-
ster, Lenstra J.K. , Rinnooy Kan A.H.G. (Eds.) Deterministic and Stochas-
tic Scheduling, Reichel, Dordrecht, The Netherlands, 1982.

[188] Lawrence S., Resource Constrained Project Scheduling: An Experimen-
tal Investigation of Heuristic Scheduling Techniques (Supplement). Gradu-
ate School of Industrial Administration, Carnegie Mellon University, Pitts-
burgh, 1984.

[189] Lee H.K., Jung J.H., Lee I.B., An evolutionary approach to optimal syn-

thesis of multiproduct batch plant, Computers and Chemical Engineering,
1996, 20, 1149-1157.

[190] Lee L.C., Parametric appraisal of the JIT systemm, International Journal
of Production Research, 1987, 25, 1415-1429.

[191] Lenstra J.K.: Sequencing by enumerative methods, Mathematical Centre
Tracts 69, Mathematish Centrum, Amsterdam, 1977.

[192] Lenstra J.K., Rinnooy Kan A.H.G., Brucker P., Complexity of machine
scheduling problems, Annals of Discrete Mathematics, 1977, 1, 343-362.

[193] Levulis R., Group Technology 1978: The State-of-the-Art. K.W. Tunnel
Company, Chicago, 1978.

[194] Li A., Co H.C., A dynamic programming model for the kanban assign-
ment problem in a multi-period production system. International Journal
of Production Research, 1991, 29, 1-16.

[195] McCormick S.T., Pinedooo M.L., Shenker S., Wolf B., Sequencing in an

Assembly Line with Blocking to Minimize Cycle Time, Operations Research,
1989, 37, 925-935.

[196] MacMahon G.B., Florian M., On scheduling with ready times and due dates
to minimize maximum lateness, Operations Research, 1975, 23, 475-482.



BIBLIOGRAPHY 187

[197] Mattfeld D.C., Kopfler H., Bierwirth C., Control of Parallel Population
Dynamics: Social-Like Behavior of GA-Individuals Solves Large-Scale Job
Shop Problems, Technical Report, Department of Economics, University of
Bremen, 1995.

[198] Matsuo H.C., Suh C.J., Sullivan R.S., A Controlled Search Simulated An-
nealing Method for the General Jobshop Scheduling Problem. Working

Paper 03-04-88, Department of Management, The University of Texas at
Austin, 1988.

[199] Miltenburg J., Level schedules for mixed-model assembly lines in just-in-
time production systems, Management Science, 1989, 35, 192-207.

[200] Miltenburg J., Wijngaard J., Designing and phasing in just-in-time pro-
(liilgtiloéll systems, International Journal of Production Research, 1991, 29,

[201] Miltenburg J., On the Equivalence of Jit and MRP as Technologies for
g%eéiusggg Wastes in Manufacturing, Naval Research Logistics, 1993, 40,
[202] Miltenburg J., Steiner G., Yeomans S., A dynamic programming algorithm

for scheduling mixed-model just-in-time production sytems, Mathematical
and Computer Modelling, 1990, 13, 57-66.

[203] Miyazaki S., Nishiyama N., Hashimoto F., An adjacent pairwise approach
to the mean flow-time scheduling problem, Journal of the Operations Re-
search Society of Japan, 1978, 21, 287-299.

[204] Miyazaki S., Nishiyama N., Analysis for minimizing weighted mean flow-
time in flow-shop scheduling, Journal of the Operations Research Society of
Japan, 1980, 23, 118-132.

[205] Miyazaki Y., Ohta H., Nashiyama N., The optimal operating of kanban
to minimize the total operation cost, International Journal of Production
Research, 1990, 26, 1605-1611.

[206] Modi A.K., Karimi I.A., Design of multiproduct batch processes with finite
ilngtgermedia,te storage, Computers and Chemical Engineering, 1989, 13, 127-

[207] Monden Y., How Toyota shortened supply lot production time, waiting
time and conveyance time, Industrial Engineering, 1981, 22, 22-30.

[208] Monden Y., Toyota Production System. Institute of Industrial Enginners,
Atlanta, 1983.

[209] Mosheiov G., V-Shaped Policies for Scheduling Deteriorating Jobs, Opera-
tions Research, 1991, 979-991.

[210] Miihlenbein H., Gorges-Schleuter I., Die Evolutionsstrategie: Prinzip fiir
parallele Algorithmen, GMD Annual Report, 1988.

[211] Musier R.F.H., Evans L.B., An approximate method for the production
scheduling of industrial batch processes with parallel units, Computers and
Chemical Engineering, 1989, 13, 229-238.



188 BIBLIOGRAPHY

[212] Nawaz M., Enscore Jr. E.E., Ham I, A heuristic algorithm f_or the m-
machine, n-job flow-shop sequencing problem. OMEGA International Jour-
nal of Management Science, 1983, 11, 91-95.

[213] Nissanci I., Nicoll A.D., Project planning network is integrated plan for
implementing just-in-time, Industrial Engineering, 1987, 19, 50-55.
[214] Nori V.S., Sarker B.R., Cyclic Scheduling for a Multiproduct, Single-

Facility Production System Operating Under a Just-in-Time Delivery Pol-
icy, Journal of Operational Research Society, 1996, 47, 930-935.

[215] Nowicki E., Smutnicki C., Problem kolejno§—ciowy gniazdowy z maszy-
nami réwnoleglymi, Materialy Konferencji: Problematyka budowy i ek-
sploatacji maszyn 1 urzgdzen w ujeciu systemowym, Krakéw 1986.

[216] Nowicki E., Smutnicki C., On lower bounds on the minimum maximum
llaécéanﬁ% on one machine subject to release dates, OPSEARCH, 1987, 24,

[217] Nowicki E., Smutnicki C., Resource constrained project scheduling. Basic
properties. Lecture Notes in Economics and Mathematical Systems 351,

Springer-Verlag, 1988, 229-235.

[218] Nowicki E., Smutnicki C., Algorytmy przyblizone rozwiazywania za-
gadnienia kolejnoSciowego postaci 1||)° fi, Zeszyty Naukowe Politechniki
Slgskiej, Ser. Automatyka, 1988, 99, 201-210.

[219] Nowicki E., Smutnicki C., Worst-case analysis of an approximation algo-
Iil"?t’lzlm for flow-shop scheduling. Operations Research Letters, 1989, 8, 171~

[220] Nowicki E., Smutnicki C., Zdrzalka S., Algorytmy aproksymacyjne w
wybranych zagadnieniach kolejnosciowych przy kryterium minimalizacji
sz%r51y2g{;r, Archiwum Automatyki 1 Telemechaniki, 1989, XXXIV, z.3-4,

[221] Nowicki E., Smutnicki C., Analiza porownawcza algorytmow aproksyma-
cyjnych dla m-maszynowego problemu przeplywowego, Materialy 1. Kra-
Jjowej Konferencji Badan Operacyjnych i Systemowych BOS’88, Ksiaz 1988,
Instytut badan systemowych PAN, W-wa,, 1989, Tom 1, 168-176.

[222] Nowicki E., Smutnicki C., System wspomagania decyzji w harmono-

gg%mé)élv%aniu zadan, Zeszyty Naukowe AGH, Ser. Automatyka, 1989, 49,

[223] Nowicki E., Smutnicki C., System wspomagania decyzji dla potrzeb har-
monogramowania produkcji, Zeszyty Naukowe Politechniki Slgskiej, Ser.
Automatyka, 1990, 102.

[224] Nowicki E., Smutnicki C., Analiza najgorszego przypadku algorytmow
aproksymagyjnych dla problemu przeplywowego, Zeszyty Naukowe Po-
litechniki Slgskiej, Ser. Automatyka, 1990, 100.

[225] Nowicki E., Smutnicki C., Worst-case analysis of Dannenbring’s algorithm
for flow-shop scheduling. Operations Research Letters, 1991, 10, 473-480.

[226] Nowicki E., Smutnicki C., New results in the worst-case analysis for flow-
shop scheduling. Discrete Applied Mathematics, 1993, 46, 21-41.



BIBLIOGRAPHY 189

[227] Nowicki E., Smutnicki C., A decision support system for resource con-
strained project scheduling problem, Furopean Journal of Operational Re-
search, 1994, 79, 183-195.

[228] Nowicki E., Smutnicki C., A note on worst-case analysis of an aproxima-
tion algorithm for flow-shop scheduling, Furopean Journal of Operational
Research, 1994, 74, 128-134.

[229] Nowicki E., Smutnicki C., An approximation algorithm for single-machine
scheduling problem with release times and delivery times, Discrete Applied
Mathematics, 1994, 48, 69-79.

[230] Nowicki E., Smutnicki C., A fast taboo search algorithm for the job shop.
Management Science, 1996, 6, 797-813.

[231] Nowicki E., Smutnicki C., A fast taboo search algorithm for the flow shop.
FEuropean Journal of Operational Research, 1996, 91, 160-175.

[232] Nowicki E., Smutnicki C., Flow shop with parallel machines. A tabu search
approach. Report ICT PRE 30/95, Technical University of Wroclaw, (ac-
cepted for publication in speacial issue of EJOR on Tabu Search in 1977).

[233] Occena L.G., Yokota T., Modelling of an automated guided vehicle sys-
tem (AGVS) in a just-in-time (JIT) enivironment. International Journal of
Production Research, 1991, 29, 495-511.

[234] Ogbu F.A., Smith D.K., The application of the simulated annealing algo-
rithm to the solution of the n/m/Ciax flowshop problem. Computer and
Operations Research, 1990, 17, 243-253.

[235] O’Neal C.R., The buyer-seller linkage in a just-in-time environment, Jour-
nal of Purchasing Matl. Management, 1987, 23, 8-13.

[236] OR library. Internet: hitp://mscmga.ms.ic.ac.uk/info.html. Files flow-
shopl.txt, lowshop2.txt, jobshopl.txt, jobshop2.txt.

[237] Osman L.H., Potts C.N., Simulated Annealing for Permutation Flow Shop
Schedulin§ OMEGA International Journal of Management Science, 1989,
17, 551-557.

[238] Page E.S., An Approach to Scheduling Jobs on Machines, Journal of Royal
Statistics Society, 1961, B23, 484-492. '

[239] Palmer D.S., Sequencing Jobs Through a Multi-Stage Process in the Min-
imum Total Time - A Quick Method of Obtaining Near Optimum. Opera-
tions Research Quarterly, 1965, 16, 101-107.

[240] Panwalkker S., Smith M., Seidmann A., Common Due Date Assignment
to Minimize Total Penalty for the One Machine Scheduling Problemm,
Operations Research, 1982, 30, 391-399.

[241] Papadimitriou C.H., Kenellakis P.C., Flowshop Scheduling with Limited

Temporary Storage, Journal of Association for Computing Machinery,
1980, 27, 533-549.

[242] Parnaby J., A systems approach to the implementation of JIT method-

ologies in Lucas industries, International Journal of Production Research,
1988, 26, 483-492.


http://mscmga.ms.ic.ac.uk/info.html

190 BIBLIOGRAPHY

[243] Pekny J.F., Miller D.L., Exact solution of the no-wait flowshop scheduling
problem with a comparison to heuristic methods, Computers and Chemical
Engineering, 1991, 15, 741-748.

[244] Perkins J.R., Kumar P.R., Optimal-Control of Pull Manufacturing Systems,
IEEE Transactions on Automatic Control, 1995, 40, 2040-2051.

[245] Pesh E., Learning in Automated Manufacturing. A Local Search Approach,
Springer-Verlag, 1994.

[246] Philipoom P.R., Rees L.P., Taylor B.W., Huang P.Y., An investigation
of the factors influencing the number of Kanbans required in the imple-
mentation of the JIT technique with Kanbans, International Journal of
Production Research, 1987, 25, 457-472.

[247] Philipoom P.R., Rees L.P., Taylor B.W., Huang P.Y., A mathematical
programming approach for detrmining workcentre lotsizes in just-in-time

system with signal Kanbans, International Journal of Production Research,
1990, 28, 1-15.

[248] Porteus E.L., Investing in reduced set-ups in the EOQ model, Management
Science, 1985, 31, 998-1010.

[249] Porteus E.L., Optimal lotsizing, process quality improvement and set-up
cost reduction, Operations Research, 1986, 34, 137-144.

[250] Potts C.N., Analysis of a heuristic for one-machine sequencing with release
dates and delivery times, Operations Research, 1980, 28, 1436-1441.

[251] Potts C.N., Analysis of linear programming heuristic for scheduling unre-
lated parallel machines, Discrete Applied Mathematics, 1985, 10, 155-164.

[252] Rajagopalan D., KarimiI.A., Completion times in serial mixed-storage mul-

tiproduct processes with transfer and set-up times, Computers and Chem-
ical Fngineering, 1989, 13, 175-186.

[253] Rajendran C., Chaudhuri D., An efficient heuristic approach to the schedul-
ing of gobs in a flow-shop, Furopean Journal of Operational Research, 1991,
61, 318-325.

[254] Rajendran C., Chaudhuri D., A flowshop scheduling algorithm to minimze

gzta%sﬂivgtime, Journal of the Operations Research Society of Japan, 1991,

- [255] Rajendran C., Heuristic algorithm for scheduling in a flowshop to minimize
g%ta%:;ﬂowtime, International Journal of Production Economics, 1993, 29,
[256] Rajendran C., A heuristic for scheduling in flowshop and flowline-based

manufacturing cell with multiple-criteria, International Journal of Produc-
tion Research, 1994, 32, 2541-2558.

[257] Rajendran C., Heuristics for scheduling in flowshop with multiple objec-
tives, Furopean Journal of Operational Research, 1995, 82, 540-555.

[258] Ramsay M.L., Brown S., Tabibzadeh K., Push, pull and squeeze shop floor
control with simulation, Industrial Engineering, 1990, 22, 39-45.



BIBLIOGRAPHY 191

[259] Rand G.K., MRP, JIT and OPT, [In:] Hendry L.G. and Eglese R.W. (Eds.),
Operational Research Society 1990. Birmingham, 103-136.

[260] Rees L.P., Huang P.Y., Taylor Il B.W., A comparative analysis of an MRP
lot-for-lot system and a Kanban system for a multi-stage operation, Inter-
national Journal of Production Research, 1989, 27, 1427-1443

[261] Reeves C., Heuristics for scheduling a single machine subject to unequal job
release times, Furopean Journal of Operational Research, 1995, 80, 397-403.

[262] Reeves C.R., A genetic algorithm for flowshop sequencing, Computer and
Operations Research, 1995, 22, 5-13.

[263] Richmond L.E., Blackstone J.H.Jr, Just-in-time in the plastics processing
industry, International Journal of Production Research, 1988, 26, 27-34.

[264] Rock H., Schmidt G., Machine Aggregation Heuristics in Shop Scheduling.
Methods of Operations Research, 1982, 45, 303-314.

[265] Rodrigues M.T.M., Gimeno L., Passos C.A.S., Campos T., Reactive
scheduling approach for multipurpose chemical batch plants, Computers
and Chemical Engineering, 1996, 20, 1215-1220.

[266] Ronen D., Perspectives on practical aspects of truck routing and scheduling,
FEuropean Journal of Operational Research, 1988, 35, 137-145.

[267] Santos D.L., Hunsucker J.L., Deal D.E., Global lower bounds for flow shops
with multiple processors, Furopean Journal of Operational Research, 1995,
80, 112—1216.

[268] Sarker B.R., Harris R.D., The effect of imbalance in a just-in-time pro-

duction system: A simulation study, International Journal of Production
Research, 1988, 21, 1-18.

[269] Sarker B.R., Fitzsimmons J.A., The performance of push and pull systems:
A simulation and comparative study, International Journal of Production
Research, 1989, 27, 1715-1732.

[270] Sassani F., A simulation study on performance improvement of group tech-
gg})ogy cells, International Journal of Production Research, 1990, 28, 293—

[271] Sawik T., Multilevel scheduling of multistage production with limited in
ggicess inventory, Journal of Operational Research Society, 1987, 38, 651—

[272] Sawik T., Hierarchical scheduling flow shop with parallel machines and
E(I)lii&te4ilri process buffers, Archiwum Automatyki i Telemechaniki, 1988, 33,

[273] Sawik T., A scheduling algorithm for flexible flow lines with limited inter-
rln2e7di%§§d buffers. Applied Stochastic Models and Data Analysis, 1993, 9,

[274] Sawik T., Scheduling flexible flow lines with no in-process buffers. Interna-
tional Journal of Production Research, 1995, 33, 1359-1370.

[275] Sawik T., Optymalizacja dyskretna w elastycznych systemach produk-
cyjnych, WNT, 1992.



192 BIBLIOGRAPHY

[276] Sawik T., Planowanie i sterowanie produkcji w elastycznych systemach
montazowych, WNT 1996.

[277] Scanzon L., JIT Theory Goes On Line At Sundstrand Data Control, In-
dustrial Engineering, 1989, 34, 31-34.

[278] Schonenberger R.G., Some observations on the advantages and implementa-
tion issues of gust-i -time produrction systems, Journal of Opertions Man-
agement, 1982, 3, 1-11.

[279] Shonenberger R.J., Japaneese Manufacturing Techniques: Nine Lessons in
Simplicity. The Free Press, New York, 1982.

[280] Schonberger R.J., Gilbert J.P., Just-in-time purchasing: A chalenge for
U.S. industry. Cali. Mgmt. Rev. , 1983, XXVI, 54-68.

[281] Schrage L., Obtaining optimal solution to resource constrained network
scheduling problem, unpublished manuscript, 1971.

[282] Schrorer B.J., Microcomputer analyzes 2-card Kanban system just-in-time
small batch production, Industrial Engineering, 1984, 16, 54—65.

[283] Sevast’yanov S.V., On an asymptotic approach to some problems in
scheduling theory, Abstracts of papers at 8rd All-Union Conference of Prob-
lems of Theoretical Cybernetics (Russian), Novosibirsk, 1974, 67-69.

[284] Shaukat A. B., Hunsucker J.L., Branch and bound algorithm for the flow
shop with multiple processors. European Journal of Operational Research,
1991, 51, 88-99.

[285] Shmoys D.B., C. Stein Wein J., Improved Approximation Algorithms for
Shop Scheduling Problems, Proceedings of the 2nd ACM-SIAM Symposium
on Discrete Algorithms, 1991.

[286] Sidney J.B., Optimal single-machine scheduling with earliness and tardiness
penalties, Operations Research, 1977, 25, 62—69.

[287] Silver E.A., Peterson R., Decision Systems for Inventory Management and
Production Planning. Wiley, New York, 1985.

(288] Simers D., Priest J., Gary J., Just-in-time techniques in process manu-
facturing reduced lead time, cost; raise productivity, quality. Industrial
Engineering, 1989, 21, 19-23.

[289] Singh N., Shek K.H., Meloche D., The developement of a Kanban system: A
case study. International Journal on Operational Production Management,
1990, 10, 28-36.

[290] Sipper D., Shapira R., JIT vs. WIP-a trade-off analysis, International Jour-
nal of Production Research, 1989, 27, 903-914.

[291]) Smutnicki C., Problemy optymalnego szeregowania zadafi w dyskretnych
systemach produkcyjnych z kryterium minimalno-kosztowym, (praca dok-
torska), Technical Report 2/81, Technical University of Wroctaw, 1981.

[292] Smutnicki C., Podejécie blokowe w problemie kolejnoéciowym taémowym

z ograniczeniami skladowania, Zeszyty Naukowe Politechniki Slgskiej, Ser.
Automatyka, 1986, 84, 223-233.



BIBLIOGRAPHY 193

[293] Smutnicki C., Dolne i gérne ograniczenia dla problemu F|r;,prec|fmax,
Zeszyty Naukowe AGH, Ser. Automatyka, 1987, 42, 169-180.

[294] Smutnicki C., DSS for project scheduling. A reviev of problems, Lecture

é\’lolteg fg Economics and Mathematical Systems, 1987, 337, Springer-Verlag,

[295] Smutnicki C., Ocena algorytméw szeregowania zadan w systemie tasmo-
wym, Materialy Konferencji Komputerowe Systemy i Metody Wspomagania
Decyzji, Warszawa 1988, 373-385.

[296] Smutnicki C., Zagadnienia szeregowania z ograniczeniami czaséw oczeki-

gvla’;lig, 7Zeszyty Naukowe Politechniki Slgskiej, Ser. Automatyka, 1988, 94,

[297] Smutnicki C., Algorytmy przyblizone dla m-maszynowego problemu prze-
plywowego z ograniczeniami skladowania, Materialy 1. Krajowej Konfer-
encji Badari Operacyjnych i Systemowych BOS’88, Ksiaz 1988, Instytut
badan systemowych PAN, W-wa, Tom 1, 176-184.

[298] Smutnicki C., O pewnej klasie algorytméw aproksymacyjnych dla pro-

bleméw szeregowania, Zeszyty Naukowe Politechniki Slgskiej, Ser. Au-
tomatyka, 1990, 100, 311-321.

[299] Smutnicki C., Problem szeregowania na jednej maszynie przy zadanych

terminach zakoiniczenia zadan, Zeszyty Naukowe AGH, Ser. Automatyka,
1991, 145-152.

[300] Smutnicki C., Ogélny gniazdowy problem szeregowania przy zadanych ter-

minach zakonczenia operacji, Zeszyty Naukowe Politechniki S”lqskiej, Ser.
Automatyka, 1991, 109, 243-252.

[301] Smutnicki C., Some results of the worst-case analysis for flow-shop schedul-
ing, Technical Report PRE 8/95, (accepted for publication in Furopean
Journal of Operational Research).

[302] Smutnicki C., Tabu search algorithm for a class of single-machine scheduling

groblem, Zeszyty Naukowe Politechniki S'qukiej, Ser. Automatyka, 1994,
14, 259-266.

[303] Smutnicki C., Results of the worst-case analysis for some scheduling prob-
lem, Proc. of 1995 INRIA /IEEFE Symposium on Emerging Technologies and
Factory Automation, Paris, France, 1995, 105-115.

[304] Smutnicki C., System wspomagajacy rozwiazywanie probleméw szeregowa-
nia i harmonogramowania, Elektrotechnika, 1995, 14, 38-46.

[305] Smutnicki C., Single—machine scheduling with min-max earliness and tar-
diness penalties, Technical Report 1995, (submitted to Computing).
[306] Smutnicki C., Worst-case performance evaluation for some scheduling al-

%orithms, Zeszyty Naukowe Politechniki Slgskiej, Ser. Automatyka, 1996,
17, 265-274.

[307) Smutnicki C., Scheduling of flexible flow lines and work centers, Zeszyty
Naukowe Politechniki .S"lqskz'ej, Ser. Automatyka, 1996, 118, 265-274.



194 BIBLIOGRAPHY

[308] Smutnicki C., Approximation algorithms, Proc. of Symposium of Opeations
Research SOR’96, Braunschewig, Germany, 1996, (in print).

[309] Spachis A.S., King J.R., Job-Shop Scheduling Heuristics with Local Neigh-
borhood Search. International Journal of Production Research, 1979, 17,
507-526.

[310] Spence A.M., Porteus E.L., Set-up reduction and increased effective capac-
ity, Management Science, 1987, 33, 1291-1301.

[311] Sriskandarajah C., Sethi S.P., Scheduling algorithms for flexible flowshops:
Worst and average case performance. European Journal of Operational Re-
search, 1989, 43, 43-60.

[312] Storer R.H., David Wu S., Vaccari R., New Search Spaces for Sequencing
Problems with Application to Job Shop Scheduling, Management Science,
1992, 10, 1495-1§0%.

[313] Sugimori Y., Kasunoki F.C., Uchikawa S., Toyota production system and
Kanban system, materialization of just-in-time and respect-for-human sys-
tem. International Journal of Production Research, 1977, 15, 553-564.

[314] Taillard E., Some efficient heuristic methods for flow shop sequencing. Fu-
ropean Journal of Operational Research, 1990, 47, 64-74.

[315] Taillard E., Benchmarks for basic scheduling problems, European Journal
of Operational Research, 1993, 64, 278-285.

[316] Taillard E., Parallel Taboo Search Technique for the Jobshop Scheduling
Problem. Working Paper ORWP 89/11 (revised version October 1992), De-
partement de Mathematiques, Ecole Polytechnique Federale De Lausanne,
Lausanne, Switzerland, 1989.

[317] Taheri J., Northern telecom tackles succesfull implementation of cellular
manufacturing, Industrial Engineering, 1990, 22, 38-43.

[318] Tandon M., Cummings P.T. , LeVan M.D., Flowshop sequencing with non-
ggim(%;?ation schedules, Computers and Chemical Engineering, 1991, 15,

[319] Toczylowski E., Modelling FMS operational scheduling problems by m-
processors, Elektrotechnika, 1995, 14, 429-436.

[320] Turner S., Booth D., Comparison of heuristics for flow shop sequencing.
OMEGA International Journal of Management Science, 1987, 15, 75-78.

[321] Weng X., Ventura J.A., Scheduling about a given due date to minimize

mean squared deviation of completion times, Furopean Journal of Opera-
tional Research, 1996, 88, 328-335.

[322] Vaessens R.J.M., Aarts E.H.L., Lenstra J.K., Job Shop Scheduling by Local
?ngfh’ Memorandum COSOR 94-05, Eidhoven University of Technology,

[323] Vaessens R.J.M., Generalised Job Shop Scheduling: Complexity and Local

Efgggch, Ph.D.Thesis, Ponsen & Looijen BV, Wageningen, The Netherlands,



BIBLIOGRAPHY 195

[324] Vandervelde A., Minimizing the makespan in a muliprocesor flowshop, Mas-
ter’s thesis, Eindhoven University of Technology, 1994.

[325] Wala K., Gadek-Madeja H., Zagadnienia syntezy przyblizonych algorytméw
sterowania dyskretnymi procesami przemyslowymi, Zeszyty Naukowe AGH,
Ser. Automatyka, 1989, 49, 201-215.

[326] Wala K., Metody lokalnej optymalizacji w zagadnieniu harmonogramowa-
1111{6%, Zeszyty Naukowe Politechniki Slgskiej, Ser. Automatyka, 1988, 95, 169

[327] Wala K., Chmiel W., Operatory genetyczne dla permutacyjnych zagadnief
optymalizacji, Zeszyty Naukowe Politechniki Sl skiej, Ser. Automatyka
1594, 114, 272-287. g =%

[328] Wala K., Chmiel W., Nowy schemat procesu genetycznego poszukiwania na.
przykladzie zagadnienia harmonogramowania z maszynami réwnoleglymi,

Zeszyty Naukowe Politechniki S"lgskiej, Ser. Automatyka, 1995, 116, 67-77.

[329] Wala K., Chmiel W., Investigation of cross-over genetic operators for per-
mutation optimization problems, Elektrotechnika, 1995, 14, 451-458.

[330] Wellsons M.C., Reklaitis G.V., Optimal schedule generation for a single-
product production line-1. Problem formulation., Computers and Chemical
Engineering, 1989, 13, 201-212.

[331] Wellsons M.C., Reklaitis G.V., Optimal schedule generation for a single-
product production line-II. Identification of dominant unique path se-
quences, Computers and Chemical Engineering, 1989, 13, 213-227.

[332] Wemmerlow U., Hyer N.L., Procudures for the part family/machine group

identification 6problem in cellular manufacture, Journal of Opertions Man-
agement, 1986, 6, 125-147.

(333] Wemmerléw U., Hyer N.L., Research issues in cellular manufacturing In-
ternational Journal of Production Research, 1987, 25, 413-431.

[334] Werner F., On the Heuristic Solution of the Permutation Flow Shop Prob-
lem, Computers and Operations Research, 1993, 20, 707-722.

[335] Werner F., Winkler A., Insertion Techniques for the Heuristic Solution of
the Job Shop Problem. Report, Technische Universitit “Otto von Guer-
icke”, Magdeburg, 1992.

[336] Widmer M., Hertz A., A new heuristic method for the flow shop sequencing
problem, Furopean Journal of Operational Research, 1989, 41, 186-193.

[337] Wittrock R.J., An adaptable scheduling algorithm for flexible flow lines.
Operations Research, 1988, 36, 445-453.

[338] Woodruff D.L., Zemel E., Hashing vectors for tabu search, Annals of Op-
erations Research, 1993, 41, 123-137.

[339] Woodruff D.L., Proposals for Chunking and Tabu Search, Technical Raport,
Graduate School of Management, Davis, 1994.



196 BIBLIOGRAPHY

[340] Yeomans J.S., A Simple Sequencing Algorithm for Mixed-Model Assem-
bly Lines in Just-in-Time Production Systems — Comment, Operations Re-
search Letters, 1995, 16, 299-301.

[341] Zangwill W.I., From EOQ towards ZI. Management Science, 1987, 33,
1209-1223.

[342] Zangwill W.I., Mathematical Programming - A Unified Approach. Prentice-
Hall, Englewood, Cliffs, NJ, 1969.

[343] Zhou D., Cherkassky V., Baldwin T.R., Olson D.E., A neural network

as roach to job-shop scheduling, IEEE Transactions on Neural Networks,
1 81, 2, 175-179.



Wydawnictwa Politechniki Wroctawskiej
>3 do nabycia w nastepujacych ksiegarniach:
..Politechnika’

Wyvbrzeze Wyspianskiego 27, 50-370 Wroctaw
budynek A-1 PWr., tel (0-71) 3202534,
..Tech’
plac Grunwaldzki 13, 50-377 Wroctaw
budynek D-1 PWr, tel (0-71) 3203252.
Provsadzimy sprzedaz wysytkowa

ISSN 0324-9786






Raport dostępności





		Nazwa pliku: 

		PN_PWr_I06_97_MO_25_1997.pdf









		Autor raportu: 

		



		Organizacja: 

		







[Wprowadź informacje osobiste oraz dotyczące organizacji w oknie dialogowym Preferencje > Tożsamość.]



Podsumowanie



Sprawdzanie napotkało na problemy, które mogą uniemożliwić pełne wyświetlanie dokumentu.





		Wymaga sprawdzenia ręcznego: 2



		Zatwierdzono ręcznie: 0



		Odrzucono ręcznie: 0



		Pominięto: 1



		Zatwierdzono: 28



		Niepowodzenie: 1







Raport szczegółowy





		Dokument





		Nazwa reguły		Status		Opis



		Flaga przyzwolenia dostępności		Zatwierdzono		Należy ustawić flagę przyzwolenia dostępności



		PDF zawierający wyłącznie obrazy		Zatwierdzono		Dokument nie jest plikiem PDF zawierającym wyłącznie obrazy



		Oznakowany PDF		Zatwierdzono		Dokument jest oznakowanym plikiem PDF



		Logiczna kolejność odczytu		Wymaga sprawdzenia ręcznego		Struktura dokumentu zapewnia logiczną kolejność odczytu



		Język główny		Zatwierdzono		Język tekstu jest określony



		Tytuł		Zatwierdzono		Tytuł dokumentu jest wyświetlany na pasku tytułowym



		Zakładki		Niepowodzenie		W dużych dokumentach znajdują się zakładki



		Kontrast kolorów		Wymaga sprawdzenia ręcznego		Dokument ma odpowiedni kontrast kolorów



		Zawartość strony





		Nazwa reguły		Status		Opis



		Oznakowana zawartość		Zatwierdzono		Cała zawartość stron jest oznakowana



		Oznakowane adnotacje		Zatwierdzono		Wszystkie adnotacje są oznakowane



		Kolejność tabulatorów		Zatwierdzono		Kolejność tabulatorów jest zgodna z kolejnością struktury



		Kodowanie znaków		Zatwierdzono		Dostarczone jest niezawodne kodowanie znaku



		Oznakowane multimedia		Zatwierdzono		Wszystkie obiekty multimedialne są oznakowane



		Miganie ekranu		Zatwierdzono		Strona nie spowoduje migania ekranu



		Skrypty		Zatwierdzono		Brak niedostępnych skryptów



		Odpowiedzi czasowe		Zatwierdzono		Strona nie wymaga odpowiedzi czasowych



		Łącza nawigacyjne		Zatwierdzono		Łącza nawigacji nie powtarzają się



		Formularze





		Nazwa reguły		Status		Opis



		Oznakowane pola formularza		Zatwierdzono		Wszystkie pola formularza są oznakowane



		Opisy pól		Zatwierdzono		Wszystkie pola formularza mają opis



		Tekst zastępczy





		Nazwa reguły		Status		Opis



		Tekst zastępczy ilustracji		Zatwierdzono		Ilustracje wymagają tekstu zastępczego



		Zagnieżdżony tekst zastępczy		Zatwierdzono		Tekst zastępczy, który nigdy nie będzie odczytany



		Powiązane z zawartością		Zatwierdzono		Tekst zastępczy musi być powiązany z zawartością



		Ukrywa adnotacje		Zatwierdzono		Tekst zastępczy nie powinien ukrywać adnotacji



		Tekst zastępczy pozostałych elementów		Zatwierdzono		Pozostałe elementy, dla których wymagany jest tekst zastępczy



		Tabele





		Nazwa reguły		Status		Opis



		Wiersze		Zatwierdzono		TR musi być elementem potomnym Table, THead, TBody lub TFoot



		TH i TD		Zatwierdzono		TH i TD muszą być elementami potomnymi TR



		Nagłówki		Zatwierdzono		Tabele powinny mieć nagłówki



		Regularność		Zatwierdzono		Tabele muszą zawierać taką samą liczbę kolumn w każdym wierszu oraz wierszy w każdej kolumnie



		Podsumowanie		Pominięto		Tabele muszą mieć podsumowanie



		Listy





		Nazwa reguły		Status		Opis



		Elementy listy		Zatwierdzono		LI musi być elementem potomnym L



		Lbl i LBody		Zatwierdzono		Lbl i LBody muszą być elementami potomnymi LI



		Nagłówki





		Nazwa reguły		Status		Opis



		Właściwe zagnieżdżenie		Zatwierdzono		Właściwe zagnieżdżenie










Powrót w górę

