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ABSTRACT

With the growing trend for greater product varietnixed-model assembly
nowadays is commonly employed in many industrieBickv can enable just-in-time
production for a production system with high variet Efficient production scheduling
and sequencing is important to achieve the overaterial supply, production, and
distribution efficiency around the mixed-model asbéy line. This research addresses
production scheduling and sequencing on a mixedetassembly line for products with
multiple product options, considering multiple atijees with regard to material supply,
manufacturing, and product distribution. This eesl also addresses plant assignment
for a product with multiple product options as @&pstep to scheduling and sequencing
for a mixed-model assembly line. This dissertai®mrganized into three parts based
on three papers.

I ntroduction and literature review

Part1. In an automobile assembly plant many productomgtioften need to be

considered in sequencing an assembly line with kvimaltiple objectives often need to
be considered. A general heuristic procedure \®ldped for sequencing automobile
assembly lines considering multiple options. Thecpdure uses the construction,
swapping, and re-sequencing steps, and a limitadclsefor sequencing automobile
assembly lines considering multiple options.

Part 2. In a supply chain, production scheduling and fiets goods distribution have

been increasingly considered in an integrated nraiongchieve an overall best efficiency.
This research presents a heuristic procedure tee\aelan integrated consideration of
production scheduling and product distribution wiphoduction smoothing for the
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automobile just-in-time production assembly lindd meta-heuristic procedure is also
developed for improving the heuristic solution.

Part 3. For a product that can be manufactured in meltigtilities, assigning orders to
the facility is a common problem faced by industgnsidering production, material
constraints, and other supply-chain related comttra This paper addresses products
with multiple product options for plant assignmenth regard to multiple constraints at
individual plants in order to minimize transporntati costs and costs of assignment
infeasibility. A series of binary- and mixed-ineggorogramming models are presented,
and a decision support tool based on optimizatiodets is presented with a case study.

Summary and conclusions
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INTRODUCTION AND LITERATURE REVIEW
1. Introduction

Material supply, production, and distribution areang the essential operations
in most manufacturing companies’ supply chains. nMa&ompanies have different
departments to manage these functions separatigwtibeing able to take advantage of
a better efficiency in managing these functionanrnntegrated manner. During the past
two decades with the emphasis in integration in $bhpply chain, material supply,
production, and distribution have been increasieglysidered jointly.

In many industries such as the automobile indugtryduction scheduling and
sequencing play a key role in achieving efficiennythese above-stated operations.
Efficient production scheduling and sequencing leaad to not only better utilization of
the manufacturing resources, but also improvememficiency in material supply and
product distribution. Nowadays, facing the chailes of providing highly diversified
and customized products, manufacturers commonlgyzm® various models of similar
products on the same assembly line. In this d&sen, production planning,
scheduling, and sequencing related to mixed-modskrably will be addressed to
enhance material supply, production, and distrdyutiperations.

The car sequencing problem, involving sequencing ca the assembly line
with a spacing requirement, attempts to minimizelknaverload or material imbalance in
an implicit manner. It is combined with a mixed-aheb sequencing problem in this
dissertation to address manufacturing and mateug@lply considerations. Heuristic
procedures for production scheduling with an irdégpl consideration of product
distribution and production smoothing in the autbiteindustry will be developed. A
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production planning problem that assigns ordersmtdtiple facilities will be also
addressed. All these problems will address pradwdh multiple product options.

2. Literaturereview

2.1 Mixed-model assembly line

Wester and Kilbridge (1964) addressed the model-seiguencing problem by
finding sequences that could avoid the overloa@gxaressive capacity, which leads to
high defect rates or low productivity. Wild (197&ferred to this type of production
line as mixed-model assembly line. As customemsat®l more and more customized
products which require a highly diversified prodymcirtfolio, mixed-model assembly
becomes more and more popular as it enables jistin production. Nowadays
mixed-model assembly has become a common praaticenty in automobile industry
but also in final assembly processes of many atitrstries.

In an automobile assembly plant, various modelscmdigurations of vehicles
are commonly scheduled and sequenced within a aegagheduling cycle. The
commonly accepted objectives of the mixed-modeérakdy line sequencing problem
(MMALSP) are to achieve a smooth pace of matergdge (Monden, 1997), even
workload, and reduced line stoppage on the asseribg, The mixed-model
sequencing problem focuses on considering multiptedels instead of considering
multiple product options (such as with the car seging problem) associated with
multiple objectives. The existing literature isieved below.

Monden (1997) presented the so-called “goal chasmethod, used in the
Toyota production system, to attempt to have the psage rate as even as possible.

This is an iterative construction approach. Milttery (1989) developed a heuristic
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sequencing algorithm that minimized the variabiliof model quantities, which
contributed to the objective of minimizing part gearates. Cheng and Ding (1996)
developed a two-stage mixed-model assembly lineesezing method which considered
the weighted variation in model quantities.

Yano and Rachmadugu (1991) formulated a sequemsodgl to minimize the
total work overload on a mixed-model assembly linA. constant-speed assembly line
was assumed and an operator could not work actossboundary of the station.
Miltenburg and Goldstein (1991) considered botlabeing the workload and smoothing
the part usage for a just-in-time production systeriMost researchers assumed a
condition that each part is only used once on Hsembly line thus the whole assembly
line can be treated as a single station, which Igilegb the model structure. Zhao and
Zhou (1999) consider the situation with a matecahsumed at multiple stations and
discussed the details at each workstation. Othgctves were also considered. Zhao
and Ohno (1994, 1997, and 2000) developed appreacheeduce the duration of line
stoppages and thus reduced the opportunity cdssbs$ale.

As shown by Kubiak (1993), the problem of sequemcmixed-models to
smooth part usage or to minimize workload imbalascdP-hard. To address the part
usage smoothing problem for mixed-model assembhe lsequencing, the goals
commonly considered can be categorized into twdie product-level problem mainly
considers the assembled products (Miltenburg, 1g8f&ng and Ding, 1996) while the
part-level problem is to keep a constant part usage on the assembly line. Kubiak
and Sethi (1991) transformed the product-level lgmobinto an assignment problem, the
objective is tominimize the total one-level variatiomrhan and Bulfin (1991) applied
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the earliest due date method for production smagthith an intent to reduce the part
level variation. Bautista et al. (1996), and Zmd &ing (2000) applied two-stage
variation methods to reduce the part-level varmatioMilternburg and Sinnamon (1989)
developed a solution procedure to minimize mulieleusage variation.

Many meta-heuristic approaches have been appliedxed model sequencing,
such as tabu search (McMullen, 1998), simulatedealimy (McMullen and Frazier,
2000), genetic algorithm (McMullen et al., 2000ntAColony Optimization (McMullen
2001a, 2001b), and beam search heuristic (McMu@tehTarasewich, 2005).

2.2 Car sequencing problem

The car sequencing problem (CSP), studied by masearchers, involves
sequencing cars on the assembly line subject waatiy limit for each of k considered
options in each given number of consecutive cahsstead of a detailed consideration of
work or parts content, CSP considers the successiproduct options (attributes, that is,
such as sunroofs, side airbags) in order to avaickweverload or overuse of material.
A quantity limit can be stated as, at mqstars can have option i in everygnsecutive
cars in the sequence. Many researchers have agtenapsolve this problem by treating
the constraints either as hard or soft constrain&SP was shown to be NP-hard (Gent,
1998).

Solution approaches applied to CSP include thedgreeethod, local search,
and meta-heuristics. Chew et al. (1991) took hgiper and lower ratio limits of the
options into account. Simulated annealing (SA) waplied to solve this problem.
Smith et al. (1996) presented a neural network agagr to solve CSP and compared the
results with those of traditional heuristics. Thest an individual weight for excessive

4



occurrence of each option and started the procedroen a heuristic solution.
Davenport and Tsing (1999) modeled the CSP as streomt satisfaction problem and
applied a heuristic improvement procedure to stheeproblem and compared the results
with those of other procedures. Gottlieb et @D0@ aimed at minimizing violations of
sequencing rules in the objective using the saedafkliding window” approach. A
penalty of one was assigned to a violation of &i@®n. The ant-colony optimization
(ACO), a meta-heuristic procedure, was then dewldp solve the problem. Gravel et al.
(2005) also solved CSP using ACO.
2.3 Combined consideration of MMAL SP and CSP

In practice, an automobile company often needs tress broader
considerations than CSP and MMALSP addressed ohaiMy. Drexl and Kimms (2001)
considered the joint problem of CSP and MMALSPha product level by using the
column generation approach. Computational experisn@ere conducted on relatively
small-size problems. Bergen et al. (2001) addceske assembly-line sequencing
problem that considered eight types of hard or sofistraints. Vehicles of identical
attributes partially related to car options arstfgplit into lots; and similar lots are then
grouped into hourly batches. The sequencing prolgensists of assignment of batches
to hourly slots and sequencing of lots within bagh Three approximation algorithms,
a local search, backtracking, and branch-and-baigutithm were presented to solve the
problem.

Estellon et al. (2005) addressed CSP as Renaalt'serjuencing problem with
the additional constraints on the number of conseswehicles having the same color.
Reducing the number of color purges thus was alspsidered. A very-large
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neighborhood search and a very-fast local searphoaph were presented to solve the
problem. The former approach is an integer-lingagramming based neighborhood
search, while the latter is a local search methaxed on five transformations. Muhl et
al. (2003) applied the genetic algorithm, simulatathealing, gradient search, and
stochastic search to solve assembly-line sequen@ngpblems that considered

requirements of multiple shops.

In today’s automobile industry, many options areiikable on various car
models; and in sequencing assembly lines it is comta consider production capacities
and manufacturing considerations associated withynaptions. In this dissertation
research, sequencing heuristic procedures addges$swmader consideration than the
problems of MMALSP and CSP addressed individualiy me developed to solve large
scale problems. The sequencing problem will de#h wnultiple objectives and
products with multiple options.

24 Integration of production scheduling and distribution

Much research considered the production-capacitit-land material-usage
related constraints and objectives when perforngeguencing and scheduling. In a
manufacturing firm, production and distribution cgiéons constitute a major part of its
operational activities. There can be a significemdét benefit to jointly consider these
two functions in performing scheduling and sequegci Scheduling and sequencing
ultimately affects the distribution operations. #e integration of the whole supply
chain is emphasized by more researchers, thereiisceeasing emphasis on research on
integration of production scheduling and distribati In this dissertation research,
heuristic scheduling procedures considering bothnufegcturing and distribution
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requirements will be developed. The literaturethe integration of production and
distribution is reviewed below.

Cohen and Lee (1988) considered a stochastic tagesase involving venders,
plants, distribution centers (DCs), and customernezso They developed
analytically-based models to coordinate productma distribution control policies to
achieve synergies in performance. Their studyessgrted a departure from traditional
separate analysis to supply chain systematic appro@handra and Fisher (1994)
considered a multi-product production-distributiproblem with a single production
facility and multiple customers. The computationasults show a consistent
improvement on the total cost by the coordinatedr@gch over the decoupled one.
Wilkinson et al. (1996) presented a case studylimvg an integrated production and
distribution scheduling system for several multrgmse sites over a wide geographical
area. To find the most efficient schedule, all ghents were considered in detail and
simultaneously as one large production system. nChed Vairaktarakis (2005)
considered a joint scheduling problem of productama distribution with the objective
function taking into account both customer servees| and product distribution. The
possible benefit of using the proposed integratedlehrelative to a sequential model,
where production and distribution operations weteeduled sequentially and separately,
was investigated. The computational tests shovsadl ih many cases a significant
benefit could be achieved by integration.

The products studied in most of the above cases imégrchangeable. In this
dissertation an integrated production-schedulind distribution problem for products
with multiple options, such as automobiles, willdmnsidered. The scheduling problem
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will involve multiple product options in the prodian smoothing considerations, and
multiple destinations and multiple modes of tramsggon in the transportation
considerations.

2.5 Plant assignment for a product produced in multiple facilities

For a product produced in multiple plants, assigninoduction orders to the
multiple plants considering transportation costs$ eapacity constraint related to multiple
product attributes are considered prior to the dgleg and sequencing stage at each
plant. Some relevant research is reviewed below.

A related area with the plant assignment problemsictered here is the
workload allocation problem. The workload allooatiproblem addresses assigning
products to multiple product lines or multiple puation systems (Tetzlaff and Pesch,
1996) considering multiple objectives. TetzlaffdaResch proposed several nonlinear
optimization models to optimize the performancethe throughput, work-in-process
inventory, lead time, and utilization rate. Bengafand Gupta (1999) considered
multi-product, multi-facility workload allocation rpblem. The objective for the
problem studied is to minimize a function of themagacturing lead time.

In this dissertation, plant assignment for a prodvith multiple product options
is addressed. Multiple constraints are also rélegemultiple product options.

3. Research Objectives of thisdissertation

The research objectives of this dissertation afelbsvs:
1. To develop sequencing solution procedures taresddmultiple sequencing
objectives associated with multiple product opticarsd to address broader

sequencing considerations than MMALSP and CSP adddeindividually.
8



To develop effective scheduling procedures iatly address scheduling and

distribution problems for products with multipletams.

To develop a solution procedure and computatiool to address plant

assignment problem for products with multiple opsio



PART 1

A HEURISTIC PROCEDURE FOR THE AUTOMOBILE ASSEMBLY-LINE
SEQUENCING PROBLEM CONSIDERING MULTIPLE PRODUCT OPTIONS
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This part is a paper to be published in the journal IntemnatiJournal of Production Research by
Fong-Yuen Ding and Jingxu He.

Abstract

Mixed-model assembly nowadays is a common praatidcee automobile industry. In
an automobile assembly plant, many car optionsnofteed to be considered in
sequencing an assembly line, for example, the pieltsequencing objectives that
consider a pattern, blocking, spacing, and smogtlohoptions. A general heuristic
procedure is developed in this paper for sequenantpmobile assembly lines
considering multiple options. The procedure olgtain initial sequence by an enhanced
constructive procedure, swaps orders for the mestridrating category of objectives,
and performs re-sequencing attempting to improeesthiapped sequence. The heuristic
procedure was shown to frequently improve the ahisequences by swapping and
re-sequencing when swapping opportunities exist.furfher improvement step is also
proposed to perform a limited search based onvwagsed solution. The limited-search
improvement step was shown to be effective in frtimproving solutions from the
heuristic procedure in the computational experiragon. Solutions from the heuristic
procedure in conjunction with the limited-searchpmvement step were compared to
those from the simulated annealing procedure fogelsize problems and showed

relatively positive results.
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1. Introduction

Just-in-time production calls for manufacturing arigty of finished goods by
using a mixed-model assembly line to set a smoaite pf material usage and even
workload in the manufacturing system (Monden, 1997Mixed-model assembly
nowadays is a common practice in the automobileistig. Many researchers have
attempted to address the mixed-model assemblyégeaencing problem (MMALSP) for
achieving balanced workload (Yano and Rachmadug81;1Miltenburg and Goldstein,
1991; Sumichrast et al, 1992), smooth productiont@dburg, 1989; Kubiak and Sethi,
1991; Inman and Bulfin, 1991; Cheng and Ding, 1998)reduced line stoppage (Zhao
and Ohno, 1994). The problem of sequencing mixedets to smooth part usage or to
minimize workload imbalance has been shown to behdfl (Kubiak, 1993). In a
different research focus, assembly-line design witked models is a topic that many
researchers (for example, Stadzisz and Henriou®8 1Bouda et al. 2001) have
contributed in order to achieve an efficient asdgmlbocess flow.

Methods to solve the mixed-model assembly line i@l include: 1) a greedy
method to consider either one-stage or two-stagatian (e.g., Monden, 1997; Bautista
et al., 1996; Zhu and Ding, 2000); 2) the assigritrpeoblem model (Kubiak and Sethi,
1991); 3) the ideal due-date method (Inman andiiulf991); 4) a bi-partite graph
(Steiner and Yeomans, 1993); 5) a mixed-integegianm based method (Miltenburg,
1989); 6) dynamic programming (Miltenburg et aB9@); and 7) a meta-heuristic (such
as genetic algorithm by Hyun et al., 1998). A ndbmeodel assembly line sequencing
problem for smoothing production can be formulatediinimize the product-level (e.g.,
Milternburg, 1989; Inman and Bulfin, 1991), part¢ (e.g., Monden, 1997; Bautista et
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al., 1996), or multi-level (Milternburg and Sinnamd. 989) usage variation. McMullen
and Frazier (2000), McMullen et al. (2000), McMull€001a), and McMullen (2001b)
applied several meta-heuristic approaches, inctuthe tabu search, simulated annealing,
genetic algorithm, and ant-colony method in solvingxed-model assembly line
sequencing problems with an objective function tdmhbines two objectives by weights.

The car sequencing problem (CSP), studied by masgarchers, involves
sequencing cars on the assembly line subject tapacity constraint for each of k
considered options, that is, there can be at mostans with option i in every;s
consecutive cars in the sequence. Many researdiemrs attempted to solve this
problem by treating the constraints either as loarsbft constraints. CSP was shown to
be NP-hard (Gent, 1998). Solution approaches epppio CSP include the greedy
method (Gottlieb et al., 2003), local search (Leal.e 1998; Davenport and Tsang, 1999;
Puchta and Gottlieb, 2002), meta-heuristics inclgdant-colony optimization (Gottlieb
et al., 2003, Gravel et al., 2005), neural netw@Bmith et al. 1996), simulated annealing
(Chew et al., 1991), and genetic algorithms (Wakveiod Tsang, 1995).

In practice, an automobile company often needsltivess broader considerations
than CSP and MMALSP. In today’s automobile indgstnany options are available on
various car models; and in sequencing assemblys liheis common to consider
production capacities associated with many optiand their various requirements.
Drexl and Kimms (2001) considered the joint problemCSP and MMALSP at the
product level by using column generation techniqguesComputational experiments
were conducted on relatively small-size problemsBergen et al. (2001) addressed the
vehicle assembly-line sequencing problem that damed eight types of hard or soft
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constraints. Vehicles of identical attributes jadlt related to car options are first split

into lots; and similar lots are then grouped inbaithy batches. The sequencing problem
consists of assignment of batches to hourly slots sequencing of lots within batches.
Three approximation algorithms, local search, backing, and branch-and-bound

algorithm were presented to solve the problem.

Estellon et al. (2005) addressed CSP as Renaalt’sequencing problem with
the additional constraints on the number of conseewehicles having the same color.
Reducing the number of color purges is also inaude the objective function. A
very-large neighborhood search and a very-fast leearch approach were presented to
solve the problem. The former approach is an emdigear-programming based
neighborhood search, while the latter is a locahrde method based on five
transformations.  Prandtsetter and Raidl (2005)sgeed a neighborhood-search
approach that combines the general variable nerglobd search with integer
linear-programming methods. Gagne et al. (20063gmted an ant-colony-optimization
approach to consider Renault’s car sequencing @nolind obtained solutions better than
the simulated annealing approach by Chew et a1(19 Muhl et al. (2003) applied the
genetic algorithm, simulated annealing, gradiemtrad® and stochastic search to solve
assembly-line sequencing problems that considenragents of multiple shops.

In this paper, we address the assembly-line sequegnuoblem considering
multiple options. The research is motivated by.&.lutomobile manufacturer, which
annually produces millions of vehicles of many w#hilines from passenger cars to
commercial trucks. In the company, mixed-modeéagsy is applied in practically all
assembly plants based on various options on vehicl€he Scheduling department at
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the headquarters performs scheduling and sequefuriiadl vehicle lines.
Sequencing consider ations

Sequencing considerations for vehicle orders oarakl/ lines among the various
plants of the automobile manufacturer are certaamhinations of options-related
requirements including the followiraategories of objectives:

a) Repeating pattern — Use of certain fixtures among the cars in segeiamust
follow a certain pattern, e.g., 1-2-4-3-1-2-4-3-8-3 for 4 fixtures. A fixture
choice is usually related to a certain car optiothe model.

b) Paint blocking — Grouping of same-color cars in sequence givgsifsiant cost
savings from frequent paint purges; there is alsmia on the number of cars in a
color block. Typically, the number of differentlocs considered in a day can be
from 6-14.

c) Spacing rules (SR) — For a certain option i, e.g., moon-roofspacing rule is
stated in the format of no more tharirr s consecutive orders, org;e.g., 2:3
means that no more than 2 moon roofs in 3 consecatders.

d) Smoothing — To evenly spread out cars with a certain optiotihe sequence.

e) Jobsper hour (JPH) — To limit the total number of orders witkextain option per
hour (“discrete” hour) to a specified quantity.

Among these considerations, c) is equivalent tactmesideration in CSP, and d) is
equivalent to the consideration in MMALSP. Excaptthat is usually considered as a
“hard” requirement, the others are usually congideas “soft” requirements with
different priorities. The number and importanceels of various sequencing criteria
would vary from plant to plant. There can alsondtiple objectives in a category of
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sequencing consideration; and there can be vacimmbinations of objectives.

The objective function

In this paper the levels of importance will be adased by penalty weights based
on cost impact and natures of various objectives. The objecfwection can be
evaluated as the sum of [penalty weight] times [am@f violation] in various objectives.
It is proposed that a penalty weight for each sequg objective will represent the
approximate “cost impact” of a unit of violation dhe production system. Using
penalty weights consistent with the cost impadtieathan using stepwise weights has the
advantage of more directly associating the costaghpnd natures of different objectives.
A sequencing objective can act as if having absotut relative dominance over other

objectives. An absolute dominance objective carepeesented by a very high weight.

2. A General Sequencing Procedure and a Limited-Search I mprovement Step

A general sequencing procedure based on an enhaocstructive method is
presented in this paper with the capability of swma@ and re-sequencing. The
procedure can be considered as an alternativéney beuristics as it is relatively fast and
frequently provides improved solutions. Moreowat, improvement step based on the
swapped solution generally leads to improved smiutialues. The appropriateness of
the proposed procedure generally relies on thereatiithe objectives’ being local and
relational. The procedure considers the sequeraljertives each time when an order
is added to the sequence or is swapped with anaitdsr in the sequence. The
procedure is intended to address large-size sempgengroblems with sufficient

randomness in vehicle options associated with uanehicle orders.
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2.1 ldeal unit

In order to estimate the goodness of the next addbitle order, the definition of
an ideal unit (ideal vehicle order) is used. Aeaabunit is represented by a set of option
values (e.g., [2, 0, 1], where 2 represents a vafueption 1, O represents a value in
option 2, and 1 represents a value in option 3) Ieat meet all sequencing objectives
without incurring any penalties. For example, fibllowing conditions are desirable for
vehicle orders each with 3 options: Objective 1oislesire color blocking with a block
size of 5 for each color (and color is option Bjeative 2 is to desire meeting a spacing
rule of 1:2 for option 2; and objective 3 is to idesmoothing vehicles orders with option
3, which are present in the order pool at 50%. veGithat the first 3 orders are [3, 1, 1],
[3, 0, 0], and [3, 1, 0], the ideal unit for thexhselection is thus [3, 0, 1] based on the 3

options.

2.2 Theconstructive-swapping-resequencing (CSR) heuristic procedure

The heuristic procedure is developed in this pdpesolve the assembly-line
sequencing problem considering multiple optionshe Pprocedure is a combination of an
enhanced constructive method by finding the bedtiman the next unit of selection
considering all objectives, and an enhancementdoaseswapping and re-sequencing.
For ease of reference in the paper, the heurisbceplure will be termed as a CSR
heuristic. While the procedure is based on a cociste approach that only considers
the immediate impact of the next order selectitvg tonstructive approach itself is
enhanced by modified definitions in ideal units ars® of dynamic weights for some
objectives (see Sections 3.1 and 3.2), and is durtnhanced by swapping and

re-sequencing.
17



The CSR heuristic procedure steps are stated lasvol

Phase A.

Phase B.

Constructing an initial sequence by an enhaha=hstructive approach
Sep 1.  Assign the first order. The first order to baged in the sequence is
the order that has the largest number of optioectiehs and the least popular
blocking (if considered) option.
Sep 2. Add an order to the sequence. The order to bedaiddde one with
the minimum weighted violation-penalty cost consig all sequencing
objectives in relation to thedeal unit. Repeat Step 2 until all orders are
added to the sequence.

Swapping for improving strains at the end of thgussce
Sep 1.  After Phase A, determine #afgeted” category of objectives that has
the greatest sum of [penalty weight] times [incesmsamount of deterioration]
toward the end of sequence (e.g., the last 10%e6téquence as compared to
the first 10% of the sequence).
Sep 2. From the end of the sequence, find an order witigh violation in
the targeted category of objectives, aa@p it with a prior order that has the
same values for the attributes of intended absalateinance but will improve
the targeted category of objectives. If multipteoporders exist in this step,
choose the one that results in the least totalinostase in the objectives other
than the targeted objectives from the swap. CagtiStep 2until no more

swapping can be found to improve the targeted ocayenf objectives.

! The enhancement is achieved through using a neddifefinition in ideal units and dynamic weights fo
some objectives, which will be described in Secti8rl and 3.2.
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Figure 1. 12 orders to be sequenced with 5 options

PhaseC. Re-sequencing
After Phase B, re-perform Phase A while keepingstimae option values of the
objectives of the “targeted” category of objectivamsidered in Phase B to
attempt to improve the swapped sequence.

Phase D. Final Sequence®: The best sequence from Phases A), B), and Gjeidinal

sequence.

2.3 Anillustrative example of the CSR procedure

To illustrate the CSR procedure, a small examplgé2o¥ehicle orders assembled
at 6 units per hour with the following sequencingeatives related to Options 1-5,
respectively, are assumed: 1) fixture pattern 1-2}2lesirable color blocking of size 4 +
1, 3) spacing rule of 1:2, 4) spacing rule of EAd 5) JPH of a maximum of 3 per hour.
These objectives have the unit violation penalkbB400, 10, 2, 2, and 18, respectively.

These 12 orders in 12 rows are given in Figure 1.

2 While a better solution from swapping and re-segirg is attempted, the best solution of the three
phases of the CSR procedure will be consideredhasfihal sequence in case that swapping and
re-sequencing did not generate a better sequence.
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(After Phase A Fixture Color SR SR JPH Order inde:
1 1 1 1 1 1
2 1 0 0 1 5
3 1 1 0 1 12
I 1 (@) 0 1 0 10
2 2 1 0 0 2
3 2 1 1 0 9
1 2 0 1 0 7
2 3 0 0 1 11
3 3 0 1 0 6
I 1 (@) 1 0 1 4
2 1 1 1 0 8
3 1 0 0 1 3
Figure 2. Sequence after Phase A
(After Phase B Fixture Color SR SR JPH Order inde:
1 1 1 1 1 1
2 1 0 0 1 5
3 1 1 0 1 12
1 2 1 0 1 4
2 2 1 0 0 2
3 2 1 1 0 9
1 2 0 1 0 7
2 3 0 0 1 11
3 3 0 1 0 6
1 1 0 1 0 10
2 1 1 1 0 8
3 1 0 0 1 3

Figure 3. Sequence after Phase B

The sequence after Phase A of the CSR heuristoefdwoe is obtained and listed
below in Figure 2. In this sequence, the weightegraeations in the last ¥z hour in
comparison to the first % hour for the 4 categories of dbg(fixture pattern, color, SR,
and JPH) are 0, 20, 2, and O, respectively. Thus, aratified as the swapping target
based on its cost improvement potential. The unmith order indices 10 and 4 are
further identified for swapping to reduce the cdbbwcking penalties while the fixture
pattern is not violated.

The swapped sequence after Phase B of the CSR heuriditaiisenl and listed in
Figure 3. It can be seen that the color-blockinggite is reduced by 10 after swapping.
The JPH penalties, however, increase after swapjniiecg snly color was considered in
swapping.
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(After Phase C Fixture Color SR Sk JPH Order inde:
1 P 1T 1 1 1 1
2 ! 1 ! 0 0 1 5
3 ! 1 1 1 0 1 12
1 o2 0 1 0 7
2 ! 2 | 1 0 0 2
3 i 2 ' 1 1 0 9
1 | 2 1 0 1 4
2 ' 3 i 0 0 1 11
3 i 3 ' 0 1 0 6
1 ' 1 ! 0 1 0 10
2 ' 1 i 1 1 0 8
3 1 _: 0 0 1 3

Figure 4. Sequence after Phase C
(Optimal: Fixture Color SR SR JPH Order inde:
1 1 1 1 1 1
2 1 0 0 1 5
3 1 1 0 1 12
1 2 0 1 0 7
2 2 1 0 0 2
3 2 1 1 0 9
1 2 1 0 1 4
2 1 1 1 0 8
3 1 0 0 1 3
1 1 0 1 0 10
2 3 0 0 1 11
3 3 0 1 0 6

Figure 5. Optimal Sequence

In Phase C of the CSR heuristic procedure, re-segug is performed by
repeating Phase A of the heuristic procedure wtekping color assignment and fixture
pattern (as shown in the dotted boxes) unchangé&te final sequence is listed in Figure
4. In this sequence, JPH was improved while fegsuand colors remain the same.
The total violation of this sequence is 18 (10 @toc and 8 in SR), while the optimal
solution value is 16 as found by complete enumemati

The optimal sequence is given in Figure 5 with jteggof 10 in color violation

and 6 in SR violations.
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24 A limited-search (LS) improvement step for improving the CSR solutions

In the CSR procedure, as swapping generates distcelto the initial sequence
with increased violations among objectives otheanththe targeted objectives,
re-sequencing attempts to recover from such diaha®. However, it is possible that
there may be too much swapping disturbance andintieased violations become
unrecoverable by re-sequencing. Based on thigghisian improvement step is
proposed to reduce the number of swaps in steph @lin 3 steps), while re-sequencing
is performed at the end of each step. With d stepsequencing is repeated for d times;
and the best solution among these d steps anditted CSR procedure becomes the final
solution. This gives a “limited search” by movitgd points each with a potential of
improvement over the initial solution because eachution has a part of improving
swaps and attempted recovering by re-sequencinge Size of “d” can be set in
reference to the total number of swaps in the swgpphase. For example, d can be set
at 3 which reduces the number of swaps by 25%rgetkteps to explore the solutions of

75% swaps, 50% swaps, and 25% swaps, respectively.

3. Considerationsin the Proposed CSR Procedure
3.1. JPH considerationsfor enhancing sequence construction in Phase A

For clarity acontent ratio refers to the ratio of the total number of orderdhvan
option over the total number of ordersJRH ratio refers to the ratio of the hourly limit
for the number of orders with an option over thenber of orders in an hour; and an

application ratio is the ratio of the cumulative number of orderthvan option over the
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total number of orders till the considered stage order for a JPH requirement to be
achievable, [JPH ratio eontent ratio] is assumed in this paper.

In the proposed procedure, smoothing is appliedctueve the JPH objectives
because smoothing generally leads to even JPH. etwto relax the more restrictive
nature of smoothing (which follows the content oatin comparison to JPH, so that
sequencing requirements other than JPH can “corhgedtter in the constructive
procedure (Phase A), a tolerance of an “indiffeeerange” is applied in smoothing for
JPH. To this end, a fraction (such as half) ofgap between the JPH and content ratios
can be considered as amdifference range in smoothing for JPH. For example, with
hourly production of 60 units, assume that a maxmIdiPH of 40 moon-roofs per hour is
desirable at a JPH ratio of 40/60 = 0.67, andttiatontent ratio is 0.5, which is also the
target for smoothing. The indifference range carsét to ¥2(0.67-0.5) = 0.085; that is,
if the application ratio is within 0#£%.085, the choice of a unit becomes indifferenhwit
no penalty regarding the option.

Further consideration in JPH is to apply a dynap@nalty weight that increases
as sequence construction progresses to the enacbff®ur (e.g., the last 10% of each
hour). Initially the penalty weight is set to aaldorithmic weight” as [JPH violation
weight]/[the number of units per hour] in smoothifiy each JPH objective during
sequence construction. Since the direct impastradothing on JPH violation becomes
more and more significant when approaching the @ndach hour (“discrete” hour),
increasing weights are applied till reaching thi J&®H violation weight (in Computer
Experimentation, curve fitting is applied to obtannonlinear weight function giving

weight values that start from the algorithmic weighincrease to the full JPH violation
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weight in the last 10% units of an hour).

3.2. Spacing-rule consideration for enhancing sequence construction in Phase A
Generally, a spacing rule (SR) specifies when dioowalue of 1 isot desirable
(with a violation). In order to have a definitiohan ideal unit regarding when to place
a “1,” another measure, tleentent ratio, for smoothing may be jointlgpplied. That is,
if the application ratio is less than theontent ratio, then “1” is preferred at the current
iteration for smoothing consideration. The follogilist gives an example of two

possible joint definitions for an ideal unit in SR.

Under Definition 1, the multiplication of [spacimgle preference] (1 is
applicable when 0 or 1 is desirable for SR) andojsting preference] is considered.
Under Definition 2, slightly modified values arensidered. Specifically, a “0.75” and
“0.25” in rows 2 and 3 are intended to lead to arier placement of a “1.” (Even a
“0.25” still makes a 0 more desirable, it will iease the chance of choosing a 1 when
other objectives are considered simultaneouslyhis Tonsideration intends to increase
the rate of placing 1's earlier in the sequenceritler to prevent strains later in the
sequence. In general, if the content ratio istinadby tight relative to the spacing rule, it

is preferred to place 1's earlier whenever possiblgrevent later strains in the sequence.

Table 1. Joint definitions for an ideal unit in SR

Spacing-rule preference Smoothing preference Difimil Definition 2
Oor1 1 1 1
Oor1l 0 0 0.75
0 1 0 0.25
0 0 0 0
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3.3. Alleviating the weakness of the constructive part by swapping in Phase B

Due to the constructive nature (Phase A) of thepgsed procedure, the
sequencing results of certain objectives geneidditeriorate at the later stages when
there are fewer units to choose from (Monden 1997p alleviate this deterioration
effect, swapping (Phase B) is included in the C36tedure. To determine the most
deteriorating category of objectives, the firsty,sB0% and last 10% of the sequence
regarding each objective are compared. The diffaxen the numbers of violations in
these two sequence sections is multiplied by tmeesponding penalty weight to give an
estimate of sequence deterioration in each obgctiihe category of objectives of the
most total cost deterioration can be considereth@gdarget for swapping improvement.
In each swapping iteration, a unit as the swappowce is first identified. If multiple
units exist as candidates for a destination (thatimprove the targeted objectives by a
swap), the unit that has the least increase inlpenan other objectives will be selected.
In case that a sequence does not have obviousicdatiem, this indicates that the
sequence found by the enhanced constructive phaseelatively good sequence.

Performing swapping for color, for example, canm@hiate small color blocks,
such as color blocks of size 1 or 2 at the endh@fsequence, by combining a small color
block with a large block elsewhere. In doing sarecneeds to be taken so that the order
in the option values of an apparent "absolute-danie” objective should not deteriorate.
In our computer experimentation, the color objextor spacing-rule objectives will be
selected as a swapping target based on an evaludtibe constructed sequence.

In the computational experiments in this papervéver, limited swapping for

color blocks and spacing rules is explored. Onhalé color blocks of size 1 at the end
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of the sequence are attempted for combination waime-color blocks earlier in the
sequence, although it is possible to eliminate rcdilmcks of size larger than 1.
Similarly, in swapping for improving the spacindewbjectives, only backward insertion
of units from the later part of the sequence issaigred in the computational

experiments, although there may exist two-way oegkway swapping opportunities.

3.4. Therationalefor re-sequencingin Phase C

After swapping is performed for a targeted categufrpbjectives, the enhanced
constructive step is reapplied while keeping thgoopvalues of the targeted category of
objectives for swapping. This step is referredasore-sequencing (Phase C). Units
will thus be reassigned while maintaining the optalues of objectives of the swapping
target. Since the sequence after swapping has ‘beedomized” in objectives other
than the targeted objectives, re-sequencing rederssithe order in the sequence to

reduce such randomization and should improve thaesee.

4. Computational Experimentation

4.1. Randomly generated problems

The algorithm was tested on 3 cases of randomlergéed problems. Each
problem has 4,800 car orders representing a weekdgfrs at a production rate of 60
units per hour. There are 3 fixtures in a spedipattern when fixtures are considered.
Ten colors are assumed when color blocking is daned, and the ideal color block size
is 143 with a penalty cost of P When a color block is <14, a penalty qfiPapplied,;
however, if a color block is >20, each unit overi@@enalized for §#17. There are 7

JPH, 3 SR, and 3 smoothing options, respectivelyenever it is applicable. The
26



penalty weight for JPH is considered at 3 leve@®36@/240, while in Phase A of the CSR
procedure 1/60 of the JPH penalty weight is usedaforegular unit of violation.
Smoothing penalty calculation is based on the sglaariation between the application
and content ratios, when smoothing is considered/hen a random problem is
generated and an attribute (option) is considetiegel,control parameters for problem
generation are as follows: fixtures are assumeduht@ a perfect mix; the chance of any
color is assumed to be equal; and the content ftia JPH option is set at 50%.
Furthermore, the content ratios of the SR optienglases 1, 2a) and 2b) and 3 are set at
50%, 49%, 51% and 51%, respectively. In orderdoegate problems with the most
sequence deterioration taking place at differetégm@ies of objectives, the content ratios

of SR options are set differently in Cases 2a) 2old No correlation among various

options is assumed.

Table 2. Results of the CSR heuristic and LS imenoent step for Case 1

Note: Each value is an average of 10 runs.

No. of | No. of | No. of | Overall CPU time| No. of
color JPH SR objective | (seconds) | swaps
violations | violations | violations | value
IPH Before swaps 228.9 7.9 373|5 3,572.8
penalty After swaps_ 141.5 17.2 5239 2,908.3 2333 759
weight = Re-sequencing 141.6 9/4 427.1 2,64b6.7
10/hr Best of 3 phases 141.5 9.4 427.1 2,645.7
After LS improvement 141.5 9.4 427.1 2,645.7 9.75 -
IPH Before swaps 234.4 7.4 464{9 4,187.1
penalty After swaps 148.9 18.6 619.6 4,142.5 2273 747
weight = Re-sequence 148.9 8|5 448.3 3,20p.9
60/hr Best of 3 phases 148.9 8.5 448.3 3,205.9
After LS improvement 151.9 7.8 447.5 3,186.3 9.72 -
IPH Before swaps 234.4 7.8 459(7 5,484.1
After swaps 148.4 15.% 614,3 6,729.3
pe_”?]'tty_ Re-sequence 1481 702 5464 4,61B.5 2244 [
iolhr | Bestof 3 phases 148.4 72| 5464| 46135
After LS improvement 160.7 6.3 5454 4,531.1 9.71 -

27




Case 1. Fixture — Color — JPH — &8 the considered objectives)

The penalty weights per violation for these objexgi are set at 100, 12,
10/60/240, and 2, for fixture pattern, color, JP&hd spacing rule, respectively.
Spacing-rule objectives are rather tight (1:2 &08&0 average content ratio). Based on
the selection criteria for the swapping target,ocdk identified as the target. The
average test results are summarized in Table lcaritbe seen that the CSR heuristic
procedure improved the initial solutions signifidgrafter swapping and re-sequencing in
terms of the overall objective values. It can dlsoseen that re-sequencing effectively
improves the sequence that was “randomized” aft@pping. Re-sequencing does not
affect the number of color blocks but improves otblejectives. The best of 3 phases
(construction, swapping, and re-sequencing) tumddo have the same solution values
as those from re-sequencing in all 3 test grouparther applying the limited-search
(LS) improvement step with d=3 gave further impm\s®lutions in 2 of 3 test groups

with a relatively small computing time increase.

Table 3. Results of the CSR procedure and LS ingnant step for Case 2a)

No. of color| No. of | No. of | Overall CPU time| No. of
violations JPH SR objective | (seconds) | swaps
violations | violations | value
IPH Before swaps 41.3 7.0 88/5 370.9
penalty After swaps_ 32.3 8.1 95 3679 50.61 9
weight = Re-sequencing 32.8 8.1 88,1 354.1
10/hr Best of 3 phases 35.1 6.7 86.8 345.9
After LS improvement 34.6 6.4 86.4 340.6 17.84 -
IPH Before swaps 64.% 10.0 118(6 1,036.8
penalty After swaps 51.9 10.7 126.8 1,051.3 52 67 122
weight = Re-sequence 51.9 816 126.2 924.1
60/hr Best of 3 phases 51.9 8.0 127.4 890.5
After LS improvement 55.8 7.1 121.6 836.6 20.77 -
Before swaps 64.2 9.6 119|5 2,73%.5
JPH  Mafter swaps 51.8 10.4 1278 2,9070 o o6 175
penalty "Ro sequence 51.8 95 129.8  2,687.0 '
W2elll%?ft1 = [‘Bes of 3 phase 551 7.3 126.( | 2.169.
" | After LS improvement 57.3 6.3 1249| 1,933.7| 19.83 -

Note: Each value is an average of 10 runs.
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The computer experimentation is conducted on aitan2.0 GHz notebook
computer using codes written in MATLAB. The avexa@PU times of a test problem
are 22.83 seconds and 9.73 seconds for the CSRduarand the LS improvement step,
respectively. These computing times may be furtleeluced when “model groups”
(which contain units of the same option combinat)oexist and order selection is

simplified to choose a model group.

Case 2. Color —JPH — 9Bs the considered objectives)
Case 2 a) (Color as the swapping target)

The penalty weights are set at 3, 10/60/240, antbr2color, JPH and SR,
respectively. Due to the problem parameters (§palty, the average content ratio for
each SR option is set at 49%) and penalty weigltlr is selected as the swapping
target after the enhanced construction steps. rdddts in Table 2 showed that the CSR

procedure noticeably improved the overall objectigkies, and that the LS improvement

Table 4. Results of the CSR procedure and L3augment step for Case 2b)

No. of color| No. of | No. of | Overall CPU time| No. of
violations JPH SR objective | (seconds) | swaps
violations | violations | value
IPH Before swaps 139.4 8.8 3551 1,921.7
penalty After swaps. 240.4 16.1 293.9 2,274.8 58.72 61.1
weight = Re-sequencing 246.9 9)9 293.9 2,055.8
10/hr Best of 3 phases 151.5 8.1 345.7 1,920.0
After LS improvement 149.2 8.5 346.5 1,918.3 11.86 -
IPH Before swaps 216.1 10.7 3949 2,869.9
penalty After swaps 329.9 15.8 316 3,474.1 5847 79.9
weight = Re-sequence 2577 10{1 315 2,768.2
60/hr Best of 3 phases 252.4 10.1 329 2,763.2
After LS improvement 255.8 8.7 323.7 2,584.2 11.35 -
Before swaps 238.5 8.8 3943 3,288.7
JPH  Mafter swaps 3314 155 3153 43814 .., 79
penalty ["Re sequence 284.1 9 315.3  3,271.9 :
erzlt%?rtm = [Best of 3 phasi 260.¢ 8.4 3546 | 3.16L%
" | After LS improvement 268 7.1 328.1| 3,052.4 9.71 -

Note: Each value is an average of 10 runs.
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step with d=3 further improved the solution value¥he average CPU time for a test
problem of CSR procedure is 51.45 seconds, anévbeage additional time of the LS
improvement step is 19.48 seconds.

Case 2 b)Spacing rules as the swapping target)

The same penalty weights as in Case 2a) are used h€he average content ratio of
each SR option is set at 51%. Due to the problararpeters and penalty weights, the
spacing rules are selected as the swapping tafigetthe enhanced construction steps.
Limited swapping for SR is performed by moving & (h, 1, 1) (in the three SR options)
that is_notsurrounded by two O’'s in an SR option from thekbat the sequence and

inserting it between two units that have conseeu@is in the SR option at the front of

the sequence (it can be shown that the SR penadie 3s improved through such an
insertion). The average results are given in T&ble The average computing time is

58.07 seconds for the CSR procedure. A consideralbbhber of swaps were performed

Table 5. Results of the CSR heuristic procedurel&hamprovement step for Case 3

No. of | No. of | No. of | Overall CPU time | Total
JPH SR Smoothing | objective | (seconds)| No. of
violations | violations | violations value Swaps
IPH Before swaps 8.3 298.8 2,784.6 2,668.5
penalty After swaps_ 9.3 286.2 3,874)2 3,174.9 66.56 16.8
weight Re-sequencing 7.5 2862 2,595.6 2,51]7.6
= 10/hr |_Best of 3 phases 8.4 292.8 2,495.0| 2,502.7
After LS improvement 7.8 290.9 2,416.0 2,449.6 28.67 -
IPH Before swaps 8.1 303.p 2,662.6 3,03L.7
penalty After swaps_ 8.8 286.¢ 4,071)5 3,704.2 66.20 170
weight Re-sequencing 8.6 2866 3,235.5 3,280.1
= g0/hr |_Best of 3 phases 8.2 294.1 2,600.6| 2,968.7
After LS improvement 6.7 291.4 2,621.8 2,878.5 46.60 -
JPH | Before swaps 9.4 303.4 2,757.6 3,720.4
penalty | After swaps 10.2 286.6 4,352|2 4,546.5 65.86 12.1
weight | Re-sequencing 8.6 286J6 2,803.9 3,580.4 '
= Best of 3 phases 8.5 297.6 2,562.4| 3,491.6
120/hr | After LS improvement 7.0 291.9 2,378.4| 3,196.8 50.10 -

Note: Each value is an average of 10 runs.
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for improving SR violations in these runs; and infZhe 3 test groups improved average
solution values from the initial solutions were ahed after swapping and re-sequencing
(due to the fact that color blocks also increasgphificantly to offset savings in
spacing-rule violations, group 1 did not improvetbe average). In all 3 test groups,
the best-of-3-phases solutions gave better avesmjgtion values than the initial
solutions; and in all groups the solutions after S improvement with d=3 gave further
improved average solution values.

Case 3. SR — JPH — Smoothif@g the considered objectives)

The penalty weights are set at 4, 10/60/120,088dor SR, JPH, and smoothing,
respectively. Based on the criterion in selectihggectives for swapping, SR is chosen
as the swapping target for these problems. FrenaWlerage results in Table 4, it can be
seen that after swapping the smoothing objectiveterdrated noticeably; however,
re-sequencing further improved the disturbed secggen The average overall objective
values were improved from the combined steps opbpgig and re-sequencing in 2 of 3
test groups, while the best of 3 phases gave ingograverage solution values in all 3 test
groups. The solutions from LS improvement stephwii=5 also show further
improvement in all 3 test groups. The average adimg times are 66.21 and 41.79

seconds for the CSR heuristic and the LS improvestep, respectively.

4.2. Comparison with solutions obtained by simulated annealing

In order to provide a base line for the propokedristic procedure, simulated
annealing (SA) is considered in this paper for angarison with the CSR heuristic

procedure and LS improvement step for randomly geed large-size problems.
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(Several other researchers, e.g., Estellon et2805, and Gagne et al., 2006, also
compared results with simulated annealing resulté.)simulated annealing (Eglese,
1990) approach is based on the analogy to matanakaling, which is generally
controlled by the starting temperature and coolatg. In simulated annealing, at each
iteration a neighborhood solution of a valyaszobtained by a neighborhood-generation

method from the current solution of a valug zLet Az=z-z;,. If Az<0, the new

solution replaces the current solution. HowevefAz>0, a probability P(A) :e_A%‘bT,
where K is the Boltzman constant and T is the current enaipire, will be applied to
determine whether the inferior neighborhood sotutrall replace the current solution.
This prevents the search process from being trappeadocally optimal solution. The
temperature is adjusted after every N iterationmling to a cooling rate; and the
Boltzman constant is set so that an initial P(Aetial to a pre-selected value at an
inferiority base.

SA is conducted for 5 randomly generated problemeach of Case-1 and 3

problems addressed in Section 4.1. The SA parasn@te given in Table 5. The

Table 6. Parameters for the simulated annealing computer expettioent

No. of Initial solution Initial Ending Cooling raté N Total no. of | P(A)| Inferiority
problems temperature | temperature iterations base
Casel 5 Best of 10,000 random solutions 5(Q 0.00% 0.999 50 920,8500.05 0.0%
Case 3 5 Best of 10,000 random solutions 5( 0.001 0.99 5l 540,750 0.05 0.0%

Table 7. Simulated annealing average results

10,000 random solutions Initial Final SA solution CSRILS
Maximum Minimum S?/l;t:lzn : Color No. of violations - p;:talatly CPU time (secondy g\)/l:flizn
solution value | solution value Fixture bocks JPH SR Smoothing ore
Casel 405,545.6 380,719.2 380,719.2 39.6 1,524.6 0 2,077.Q - 26,409.2 10,927.6 3,078.4
Case3 16,558,428.0 538,919.4 538,919.9 - - 12 1,749.8 6,700.9 13,772.1 11,626.8 3,095.3

Note: Each value is an average of 5 trials.
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neighborhood-generation method in this SA expertateon is to swap two randomly
selected orders in the current sequence; and &al isolution is the best of 10,000
randomly generated sequences (similar to the stedilaannealing approach by
McMullen and Fraizer (2000) for sequencing mix-modesembly lines). The SA
average results of 5 randomly generated problemgyiaen in Table 6 for each tested

case.

From data in Table 6, it can be seen that withfohparameter adjustment, SA is
generally effective in improving solutions (From03819.2 to 26,409.2 and 538,919.8 to
13,772.1, respectively) considered in Cases 1 arah@® it appears that it will require a
relatively long time (>3 hr, on a Pentium M 2.0GRREZ, the same system used for later
on in this research) in order to reach the qudéiel of the CSR solutions with LS
improvement. After the CPU times 3.03 and 3.23r&otespectively, the SA solutions
are still far away from those (3,078.4 and 3,096f3he CSR heuristic with d=3 and d=5

in LS improvement, respectively.

A further experiment is conducted by using the sohs from the CSR procedure
with LS improvement step as the initial solutiorSA. A lower inferiority base (0.005)
is used considering the fact that starting fromelatively good solution, as too much
mobility to a more inferior solution can cause tagplution deterioration due to the
nature (“deep valleys”) of the considered problemAfter 920,850 and 770,900
iterations (3.03 hours and 2.22 hours, respectivefySA runs, these solutions were
improved by 2.17% and 3.27% on the average, forfittee Case 1 problems and five
Case 3 problems, respectively. This showed thatlO8R procedure solutions in these

tested cases were at a relatively good solutiofityukevel comparing to the SA
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approach.

5. Summary and Conclusions

Automobile assembly lines often have various optiElated sequencing
considerations including color blocking, maximunmroer of jobs per hour for a certain
option, and rules for spacing units of certain @apsi. These commonly encountered
sequencing considerations for options attempt tepkassembly-line work loads,
processing requirements, or material usage in d gatance. When multiple objectives
related to options are considered, the overallli®san be evaluated in the objective
function by using various penalty weights repreisgntheir cost impact levels to the

assembly line in violating these objectives.

A constructive-swapping-re-sequencing heuristiocpdure was developed to
sequence units of various option values. The phaee includes an enhanced
sequence-construction approach considering theiptaulsequencing objectives. A
weakness in sequence deterioration at the end eofctimstructed sequence may be
reduced by using swapping; and the randomized segueom swapping is re-sequenced
for improvement while keeping the option valuesh® swapped objectives unchanged.
A further improvement step is proposed by searcbwegy a limited number of solutions
with a reduced number of swaps and re-sequencing.

Computational experimentation showed that theo@sed heuristic procedure
generally achieves improved overall objective valdlerough the combined steps of
swapping and re-sequencing, and that the limitadeseimprovement step gives further

improvement. Comparisons with simulated-anneadiolgtions showed positive results
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with the CSR heuristic procedure and LS improvemst®@p. The construction,
swapping, and re-sequencing steps work togethemating to achieve good solutions in
considering multiple sequencing objectives relateml vehicle options. The
improvement step gives further improvement by deag: through a limited set of
potentially better solutions with a relatively smaldditional computational burden.
Further research considerations can apply forwao#lihg in sequencing by considering

the un-sequenced order pool. Tighter lower bowatisalso be developed.
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PART 2

JOINT CONSIDERATION OF ASSEMBLY-LINE PRODUCTION
SMOOTHING AND FINISHED-GOODSDISTRIBUTION IN AN
AUTOMOBILE PLANT
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This paper is to be submitted.

Abstract

In a supply chain, production scheduling and fiatslyoods distribution have been
increasingly considered in an integrated manner. arl automobile assembly plant,
typically various models and configurations of $inéd goods are scheduled on an
assembly line on a regular basis for just-in-tintedpiction. From a production
scheduling point of view, an assembly plant cansm®r production smoothing in
models and product attributes to have even progludtiading; for distribution, the
most important considerations can be even distdhubf delivery dates to a
destination, and effective grouping of finished dedor a destination in the schedule
in order to ship products as they are produced.is Paper presents a Heuristic
solution procedure to achieve an integrated corsdide of production scheduling
and distribution with production smoothing for taesembly line and grouping of
finished products for transportation. The Heutigtiocedure first forms packages of
units and then assigns packages to various dayse cdmputational results based on
randomly-generated problems are presented to she@wadvantage in cost savings for
such an integrated consideration. Furthermoramalated annealing procedure is
developed for the package assignment part of tegrated problem. The results for
the Heuristic in package formation plus simulatedealing in package assignment

achieve the best overall results based on furtherpaitational experiments.

1. Introduction

Mixed-model assembly is a common practice nowadiaysany industries
including the automobile industry. Extensive reskahas been conducted in

sequencing mixed-model assembly lines (for examdigenburg, 1989; Yano and
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Rachamadugu, 1991; Monden, 1998; and Drexel e2@06) in order to achieve a
balanced workload, smooth usage of parts, and miminine stoppage within the
sequencing cycle. Even daily loading on an assentibe (Monden, 1998) is
important in achieving even material usage and {@ads in the production system
from day to day. Production smoothing and capamtystraints may not be the only
considerations for production scheduling and segugn To achieve the minimized
overall cost, an integrated model may need to pa@te production and other related
operations, such as finished goods distributionor tFansportation of finished goods,
smoothing models and product attributes is notlpesr important as considering the
transportation efficiency while keeping the invayttmw.

There is an increasing research emphasis on iti@graf production
scheduling and distribution (Cohen and Lee, 198&r@ra and Fisher, 1994; Hahm
and Yano, 1995; Pundoor and Chen, 2004). Somleesktstudies address strategic
or tactic levels of the decision making. Othersuf® on operational scheduling for
batched production without considering product @i In this paper we will
consider an integrated production-scheduling armtlyset-distribution problem in a
context of scheduling for a mixed-model assembhe lwhile there are multiple
models and product attributes in production smewthionsiderations, and multiple
destinations and multiple modes of transportatiodistribution considerations.

Garcia et al. (2004) dealt with the problem of stthimg of orders and vehicle
assignment for production and distribution plannindhe products considered are
perishable thus need to be delivered immediatelh wio waiting. An integer
programming model was presented and solved foreaiapcase; while in a general
case, a heuristic procedure was developed. PuradwbiChen (2005) considered a

make-to-order production-distribution system witheosupplier and one or more
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customers. The objective was to minimize the maximmdelivery tardiness and
distribution costs. A heuristic procedure was d@yed and the results showed the
integrated approach was better than the sequeqmmbaches in most cases. Stecke
and Zhao (2007) considered a case with a maked®eraompany which adopted a
commit-to-delivery business mode. The integrabbproduction and transportation
costs was considered in their study. For the waricases they studied,
mixed-integer programming models were developed aotled by heuristic
approaches.

A closely related problem to our research topithis bin-packing problem
(BPP). The classic BPP (Johson et al., 1974) ipaok a certain number of
different-sized items into a smallest number ofsbinThe problem was proved to be
NP-hard (Garey and Johnson, 1979). This is amsntely studied problem in the
field of approximation algorithms (Coffman et a997). The items considered in
BPP can be one or multiple dimensional in weighsige. In most research of BPP,
the objectives were focused on the number of bsedwr a cost function due to
different item-grouping procedures. Rao and lyen(®94) presented a target
workload assignment problem assuming a fixed numddebins each with an
unlimited capacity. The objective was to minimibe squared deviation from the
workload target, thus to distribute the workloadeaenly as possible. They solved
this modified bin-packing problem (MBPP) by simeltannealing with a local
search. One-dimensional weight was assumed. 8reisal. (1997) dealt with the
similar problem and improved the heuristic by limit the interchanges to between
items of only similarly-sized ones. They compatie€ir results with those of Rao
and lyengar and showed improvement on the soluwfiatity.

The research in this paper was motivated by annzatbde manufacturer in
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the U.S. producing multiple models and configumaiaf automobiles on a daily
basis and delivering finished goods to a large ogtvef locations by rail or trucks.
Jointly considering production scheduling for sniag for the assembly lines while
grouping for distribution considerations can resalta significant cost saving by
shipping automobiles as they are produced, impraetomer service by spreading
out the multiple delivery dates for a destinatiand a smooth production schedule for

even material usage and workload requirementsaiptbduction system.

2. Problem Description

For the scope of this paper, an automobile assepiaiy is considered. As a
general consideration, it is assumed that the anitien assembly plant produces 2
types of automobiles in terms bifgh andlow profiles. This assumption affects the
distribution of finished goods especially by radldause of its impact on the shipment
capacity and grouping. It is further assumed #®teral models of vehicles, for
example, full-size sedan or sport-utility-vehiclate produced on one or more
assembly lines. Each model has many possible gumatiions due to customization
in option selections (attribute values), for exammo- or four-wheel drive, with or
without a sunroof. Without loss of generality, ttiaily production volume on an
assembly line is assumed to be a constant. Eduhleas of a certaimodel, has a
specific set ofattribute values representing its configuration, and is to be delxd to
a specifieddestination with a predetermined transportation mode, thabystail or
truck. In this paper due dates are not differentiatedr@ated as a vehicle-order
characteristic within the same pool of vehicle osde This is because we consider
the production system that at the monthly schedul@vel, most orders are dealer

orders, and the manufacturer retains flexibilityagsigning orders to various days to
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achieve better production smoothing.

The problem considered here is to schedule a mootier pool into daily
production considering production smoothing and disribution efficiency. It is
assumed that production smoothing is necessaryrderado have even usage of
critical parts for supplier considerations and ewvesrkload for critical production
resources for manufacturing considerations. Toiemeh production smoothing,
specifically a roughly equal number of units of eanodel and a roughly equal
number of units of certain produettribute values are desired everyday. These
considered product attribute values are generalyp@ated with critical production
resources and critical material supplies.

Transportation considerations for the two modegrafsportationyail and
truck, are primarily to have the leastwell” times (that is, flow time) for finished
goods prior to shipment while assuming that trartspion operates with
consolidation to achieve efficiency. For rail shgnt, the total daily shipping
capacity is roughly fixed. It is assumed that ombhicles of the same profile and
destination can be loaded into a railcar for edinciy consideration, and that the
capacity of a railcar for high-profile vehiclesléss than that of low-profile vehicles.
A rail destination is also calle@ilhead. It is assumed that a desirableguency can
be specified for each rail destination. The totanber of railcars shipped everyday
needs to be roughly equal.

A fraction of truck-shipment destinations are assdro need consolidation
into shipments of specified frequencies. Otherckrshipment destinations are
assumed to be able to group with regional truck+sleint destinations in a continuous
fashion without having consolidation in schedulindgzurthermore, it is assumed that

there are multiplearriers to provide truck shipments. Thus, in order to imiae
45



the dwell times and satisfy the even spread ofvdglidates for each rail destination
and some truck destinations, vehicles of the saeséirgition are to be consolidated
on various dates in the production schedule. dtds desirable that the daily product
guantities for carriers are smoothed along witleomoothing considerations.
2.1. A Nonlinear Mixed-Integer-Programming Formulation
211 TheObjective Function

In this paper, the weighted sum of five sets of itiean absolute deviation
(MAD) values is considered in the objective funatio These deviations are MADs
in cumulative model quantities, cumulative totahmiers of units for attribute values,
the delivery intervals for rail shipment and sedectruck-shipment destinations, the
cumulative daily numbers of railcars, and the cuativé daily quantities for various
carriers, from the respective ideal quantities. e Blerall objective function can be
expressed briefly as follows: WAD[models] + w,*MAD[attributes] +

wz*MADIdelivery intervals] + w*MAD[daily rail cars] + ws*MAD|[carriers]

2.1.2. A Mathematical Program

In the formulation, it is assumed that faypes of vehicles are considered;
type 1: high profile rail shipment, type 2: low fite rail shipment, type 3: truck
shipment with consolidation, type 4: truck shipmesithout consolidation. Without
loss of generality, it is further assumed that ¢hare an even number of high- or
low-profile vehicles for rail shipment at each ha&iad to fit into full railcars for each
railhead.

Decision Variables:

X 1 if vehicle i of type k is assigned to day jptherwise

ijk

Y - Number of orders of type k for destination r oy ¢la

46



d : Delivery date of shipment j for destination i i@il shipment (k=1) or truck

ijk

shipment (k=2)

z,: 1 if some rail-shipment orders are produced destination r on day j, O
otherwise
z,: 1 if truck-shipment orders of type 3 (with cohdation) produced for

destination r on day j, O otherwise

U, number of railcars used on day j, to destinatitor high profile vehicles
u,: number of railcars used on day j, to destinatifor low profile vehicles
Vi 1 if the s-th shipment of destination r on dayrjrail (k=1) or truck shipment

(k=2), 0 otherwise
Par ameters:
w,, W,, W,, W, W, : Penalty weights for smoothing models, attributedivdry intervals,
number of railcars, and carrier quantities
f.: No. of shipments for destination r of rail (i=dJ truck (i=2) shipments with
consolidation

N, : Total number of units of type k orders, k = 14..
g : Standard railcar capacity for type k cars, k 2 1,

n: Total no. of units to be scheduled

H: No. of carriers

D: Total no. of production days

m: No. of models

G: Total no. of attributes among all models

@ : ldeal rate of a model p to be scheduled daily
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t.: 1if orderi of type k is for destination r, O etlwise

Cy, - liforderi of type k is by carrier h, O othereis

a,: 1if order i is a unit of model p, O otherwise

b,: 1 if order i has smoothing requirement p, else 0

A, A Minimum and maximum numbers of rail-shipment wid¢s on day j

B,,B,: The daily minimum and maximum numbers of railcae be shipped to

railhead r

B,,B,: The daily minimum and maximum numbers of vehiates be shipped to

truck-shipment destination r
C,,C.: Minimum and maximum volumes, respectively, fdatgroduction on day j
E,,E,: The lower and upper limits of carrier h’s dailyamtity

R,R,: Numbers of railheads and truck shipment destinatiwith consolidation,

respectively

Formulation:
Minimize SR FEx 0 g0 [+ I SEREELp IEEy
inimize a - + b -2
MD ¢=1 p=1|i=1 j=1k=1 X ~ O, GD gz p1fi= = k= XD Diaiz
W3 2 R 1 f, D W4 D g 2 g D 2
dr‘l dr‘—i —t = Uik == u,
R Ry & & (T2’ G T D LR e T o L L
W5 D H N, g 4 g 4 Ny
+ Z Z Z Z Xijk Cik _Z Cikn
HD g=1 h=1|i=1 j=1k=3 D i3
Subject to:
C < fj 3" X, <C, ji=1,2..,D (Daily total shipment quaptitonstraints)
k=1i=1
i)gik =1 i=1,2.,Nk=1,..,4 (Unique-day assignment)
=1
_Nzk;xijktirk =Y i=1,2.,D,k=1,2,3]r (Total quantity for destination r on a day j)
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éurjkzzrle,l j=1,2.,D,r=1,2 ., R
>u,-z,)=0 j=1,2.,D,r=1,2.,R
Y. 22,8, j=1,2..D,r=1,2.,R
y,.1-2z,)=0 j=1,2.,D,r=12.R
Yu:~U,e=0 j=1,2.,D,r=1,2 ., R
Y,, U6 =0 j=1,2..D,r=1,2.,R
Brlsgu,jkssrl j=1,2..D,r=1,2.,R
gy,,»ksl\/lzm j=1,2.,D,r=1,2.,R
Y. $Mz,, j=1,2.,D,r=1,2..,R

£ <3¥%0,<E  [=1,2.Dh=12.,H
(2., =0, 1212, Rs=1

gvrsjfl r=1,2.,Rs=1
1<d,_,<d r=1,2..,Rs=2
iZiLl(jzrjz)vrst:drsz r=1,2..,Rs=1

Sy, =1 r=1,2..,Rs=2

1<d, ., <d, r=1,2...,.Rs

X, ={0, 1}, Tijk;y,

rik

d., integer,0i,j,k.

ijk

integer,0r,j.k; z,,,z,,={0, 1}, u

> (Either the minimum quantity or
to a rail or truck destination r)

(Total number of railcars)

(z value is set to 1 if there &
shipment)

H_}

(Carrier dadlapacity)

(Constraints to set delive
dates of each rail destination)

(Constraints to set delive

dates of each truck destinati

with shipment consolidation)
integer,0r,j; Vg,

r

= {0, 1}, Or,s,j.k;

rj1? r12

A sub-problem (that is, determining the placemendays for the delivery

batches of various railheads after the sizes andents of various batches are

determined in order to achieve near-100% of taadlydail assignments) of the above
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formulation is a multi-dimensional MBPP while caesiing closeness of due dates.
Since the solution space of MBPP is exponentighasize of the item list (Rao and

Ivyengar, 1994), a Heuristic procedure will be deped to find a good solution.

3. A Heuristic Procedurefor Integrated Scheduling and Distribution

Considerations

Scheduling a monthly pool of vehicles to days ie thonth to jointly address
the production smoothing and transportation efficie is considered here. A
proposed Heuristic approach applies mixed-modealiesgging in place of scheduling
to allow one unit to be scheduled at a time. Adstpackaging” step for the rail
shipment is performed first before scheduling pgekao days to adequately consider
the delivery frequency for each rail destinatiotunits are first “pre-sequenced” into
the packages of each rail destination to achiesmaoth mix. When packages are
placed into days, a procedure similar to earliest-date (EDD) sequencing based on
pre-assigned due dates (Inman and Bulfin, 199&pied to attempt to spread the
rail shipment packages evenly within the month. rtllermore, to alleviate the
complexity of the bin-packing problem nature, atkages are classified by size and
placed in the order of large, medium, and smalkpges by a ratio control, where the
daily average numbers of large and medium packagspectively, are considered as
the control targets in daily placement of packagéghe procedure with packages for
placement is repeated for a fraction of truck-shepmunits needing consolidation.
Then the remaining truck-shipment unitithout consolidation are placed into each

day unit-by-unit to achieve improved production sitiing.
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3.1. TheHeuristic Procedure

The Heuristic procedure has two parts for rail andk shipments. For truck
shipment, Phase | groups and assigns packagesaye while considering
production smoothing. Phase Il assigns units dibahot need consolidation one by

one into days. For rail shipment, only Phasenkisded.

Part |I. Assigning rail-shipment vehicles
Phase 1

Step 1. (Forming packages)

Given the shipping frequency{ffor each railhead r, calculate the numbers of
railcars (g andg-) for high and low profile vehicles, respectively,sbd on its
monthly quantities and standard railcar capacitieResidual quantities are also
determined. Let D be the number of days in a mon#or each railhead, form the
f.1 packages of railcars by sequentially assign one by ogfeand then g railcars to
frn days. Pre-sequence’ vehicles of each railhead into packages to smpotiduct
attributes by minimizing the one-stage deviationdtributes. Initially set theue
date of each package to.

Step 2. (Designating package sizes and settinglidile dates of the first packages)

Set the average package size of a railhead to, langdium, or small. For
large-size packages, this is done by selectingaalkages of a railhead at a time in a
decreasing order of the average package sizeslio¢éads until the total number of
large-size packages is about to exceed a third€aspecified parameter) of the total
number of packages. This process is repeatedhforselection of medium-size
packages. The remaining roughly one-third packagesthen set to small-size.

Pre-assign a delivery ddt@.5*D/f,, | for thefirst package of each railhead r.
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Repeat Steps 3-6 until assignment is completeaibshipment for day 1 to day:D

Step 3. (Specifying a package size in daily assatin

In day j, specify largesize, or else medium size, or else small size until the
cumulative number of packages of the size reachg¢average daily ratio of the
number of packages of the size)

In day j, determina]y, the “current target of number of railcars” at gedection
of k-th package in the day j through = .1+ [the average number of packages of
the desirable size], where the “average numberackgges of the desirable size” is
set in the order of large, medium, and small uh# size reachdg*(average daily
ratio of the number of packages of the ste)Whenever &)y reaches 100%, thiy
value remains unchanged thereafter.

Step 4. (Assigning a package of a selected sidailg assignment)

Choose a package from the packages of the spesifiedwith a due date based

on the smallest value of jgabsolute deviation in deviating from due date) +

(LD)Wl(absolute deviation in deviating from the ideal devin models) +
m

(G—%)wz(absolute deviation in deviating from the ideal devn attributes) +

(%)W4(absolute deviation in deviating from the idealmfmber of railcars at the

current stage], wherezis the fraction of railcars that have been schatluto the

day over the average daily number of railcars, Riuglthe total number of packages.

Step 5. (Resetting the due dates for packages)

Each time a package of a railhead is assigneddayaupdate the due date of the

next available package fourrent date + interval 'Bi,y’ |, where D is the remaining
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number of days angifis the remaining frequency.

Step 6. (Checking closeness to completing assighfoea day)

If 100% of the total daily rail shipment targetriet reached, go to Step 3. Ifa
package exceeds 100% of the total daily rail shigntarget, this package is either
kept in the day or delayed depending on which ¢asdosest to 100% of average
daily number of railcars. After all packages assigned to all days, go to Step 7.
Otherwise, let j=j+1, go to Step 3. Residuals asgned to the last (or possibly first)
shipment of the railhead.

Step 7. (Performing post-sequencing) — An opticieh

Sequencing all vehicles according to the assigraatgges of determined dates

and package sizes, reassign all rail-shipment leshiwith the objective function:

LD [wo(absolute deviation in model vqumes)G—¢Dw3(absolute deviation in
ml

attributes)]

Part I1. Assigning truck-shipment vehicles
Phase 1The above Phase 1 procedure for rail shipmerggeated (with a railhead
changed to a truck-shipment region) for vehicles tteeds consolidation in shipment.

Phase 2For vehicles without consolidation, sequencingisies unit by unit until

reaching the daily overall quantity target with exdijve: LD [wo(absolute deviation
ml

in model vqumes)+G_¢D ws(absolute deviation in attributes)+|j—D wa(absolute

deviation in carrier quantities)]
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3.2. Simulated Annealing for enhancing the Heuristic procedure

A further attempt to improve the Heuristic procetlis to apply a simulated
annealing (SA) procedure in place of steps 3-6hef Heuristic procedure. After
packages are formed in Step 1 of Phase | of theisteuprocedure, these packages
are first randomly assigned to various days frono 24 by the SA procedure. In
each iteration of the SA procedure two solutiores generated and compared in the
neighborhood generation step: first solution is obtained by randomly picking any 2
packages and swapping them; geeond is obtained by assigning the first-selected
package to a randomly selected different day (@&t generality, this is equivalent
to instead assigning the second package). Thesestutions are then compared
and the better one in the objective value is seteets thecandidate solution.  This
SA neighborhood generation approach bears soméasimito that by Brusco et al.
(1997) to keep a balanced assignment among vdtfiins’ while attempting to have
an efficient neighborhood generation for efficigrekploring the solution space.

From the SA neighborhood generation step, ifcdrelidate solution is better
than thecurrent solution, it becomes the new current solution. Howevethéf new

solution is worse, then it can become the new atigelution based on a probability

_AA;
term P(A) =e %“’T, where K, is the Boltzman constant and T is the current

temperature; that is, a solution withz> 0 will be accepted with a probability

P(A).
4. Computational Experiments

The above stated procedures are tested on randgmbrated problems. In
each randomly generated problem, 36,000 orders wio8els for production in a

month of 24 days are randomly generated each Withtttibutes (each represented by
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a value of 1 or 0). Models 1 and 2 are low-profilshicles together constituting
60% of the total volume, and models 3, 4, 5 arehdpipfile vehicles together
constituting 40% of the total volume. Rail-shiprhennstitutes 65% of total units,
and truck-shipment constitutes 35%. For a raipstant vehicle order, a railhead
number 1-20 is randomly assigned. All rail shiptserquire consolidation. The
total number of railcars of each railhead is calted based on the standard railcar
capacities (15 low-profile vehicles and 10 highfpeo vehicles per railcar,
respectively), and its numbers of high- and lowfifgorehicles.  For truck-shipment
vehicles, a total of 15 regions are assumed tohiygped by 5 truck carriers (i.e.,
trucking companies). Each carrier has a numbeegibns ranging from 1 to 4. In
general, 10% of truck-shipment vehicles of eachioreghneed consolidation for
shipment efficiency, while other 90% truck shipmerghicles are assumed not
requiring consolidation and can be routed with gkdsi in the same region.

Weights of 3:3:3:3:1 are assigned to the meaolatesdeviations from ideal
levels for shipment intervals, daily number of cails, daily smoothing for carriers,
daily smoothing for attributes, and daily smoothiogmodels. The various weights
are used in order to place different emphases ftereint scheduling objectives. For
the simulated annealing procedure, the initial terafure is set at 25; and the ending
temperature and cooling rate are set at 0.01 &t Gespectively. All the tests are

conducted on a Pentium M 3.4 GHz PC.
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4.1. Experiment 1 [10 randomly generated problemsto test the Heuristic

procedure with or without SA procedurefor rail-package assignment after

Phasel, Data Set 1]

The Heuristic procedure was tested using a dategeeérated with the

procedure described above.

The computational teesafl the 10 runs by the

Heuristic procedure without the SA procedure avegin Table 1 with the MADs of

the various objectives.

The SA procedure in cortjon with the Heuristic

procedure took a longer CPU time than the Heuristacedure alone but obtained

improved solutions with lower MADs as shown in Teald.

It is noticed that the

models and attributes still have high MAD valuedhase are uneven loads from day

to day due to uneven package assignment to vadi@yss and this is improved by the

SA procedure.

Table 1. Results from the Heuristic without SA mdare — Rail only

1 2 3 4 5 6 7 8 9 1D Mean
Model 477 516 433 486 488 453 456 475 553 K86 4.82
Attribute 348 372 325 349 349 366 335 354 373 B.40513.
Rail Intt_arval 142 166 153 162 140 143 163 143 140 [1.54 115
Railcar 0.69 056 0.72 0.67 097 0.74 0.83 0.63 0.93 [0.67 0.74
Overall 21.52 22.98 20.82 22.19 22.44 22.00 22.01 21.52 2321.69 22.09
Heuristic CPU time (sec) | 73.30 75.36 61.48 66.27 88.55 73.13 69.33 82.03 88.83 82.#6057
Table 2. Results from the Heuristic with SA proaedd Rail only
1 2 3 4 5 6 7 8 9 1P Mean
Model 287 275 297 293 263 241 294 231 312 p89 278
Attribute 292 292 276 280 268 274 276 293 280 p.80812.
Rail |Interval 128 133 130 131 137 119 135 116 135 pP.85 51.2
Railcar 050 0.08 049 047 049 053 054 050 049 [0.22 0.43
Overall 16.97 15.75 16.60 16.65 16.25 15.81 16.87 16.07 21714.49 16.25
SA CPU time (sec)] 94.03 92.45 92.20 91.92 92.23 92.25 89198.20 91.63 91.43 92.32
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Table 3. Total objective values (Rail plus truckpsients) from Heuristic

1 2 3 4 5 6 7 8 9 1p Mean
Model 048 039 043 035 034 037 037 037 038 p41 0.39
Attribute 043 045 042 044 042 040 044 044 042 p.45430.
Shipmentintervdl 142 166 153 162 140 143 163 143 140 J1.54 151
No. of railcars 069 056 072 067 097 074 083 0.63 09367 0.74
Numbers of carries 1.67 1.87 178 180 223 183 205 158 228 [l1.71 1.88
Overall 11.02 12.36 11.62 11.94 1250 11.49 12.73 10.71 812K.44 11.85
CPU time (sec] 1,313 1,183 1,671 1,527 1,162 1,219 1,523781,1,098 99p 1,277

4.2. Experiment 2 [10 randomly generated problemswith RAIL & TRUCK
shipments, Data Set 1]

Experiment 2 is further conducted to compare therall’ problem including
also assigning truck-shipment vehicles. In thigpeasiment, the truck-shipment
vehicles are actually assumed to have no need risotidate for destinations; and
they can be assigned directly according to the @Mhlasf the Heuristic procedure.
The total objectives for rail and truck shipmenerevevaluated. Ten problems were
randomly generated using the same problem-generasicheme as stated in
Experiment 1. The results from only the Heurigtioccedure are shown in Table 3.

From Table 3 it can be seen that truck assignmgntfisantly reduces the
MADs for models and attributes as truck-shipmentsuare assigned unit by unit, that
is, it is achieved by effectively using a sequegcstep in place of the scheduling
requirement. However, even though the weight faorosthing the numbers of
carriers is set to 3 in the objective function, MADs for the numbers of carriers are
moderately larger than the other objectives. Tisisbecause truck-shipment
assignment is performed after the rail-shipmentgassent with uneven remaining

scheduling capacities.
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Table 4. Total objective value (Rail plus truckmhent) from Heuristic procedure with SA

1 2 3 4 5 6 7 8 9 1p Mean
Model 0.47 041 048 034 0.28 037 040 037 039 p.38 0.39
Attribute 0.43 043 044 043 041 038 043 041 042 Dp.43420.
Shipmentinterval| 1.28 133 1.30 131 143 124 160 125 129 145 135
No. of railcars 050 0.08 049 047 049 053 054 050 04022 0.43
Numbers of carriers| 1.42 063 143 115 137 119 135 116 135 085 1.19
Overall 11.38 7.84 11.46 10.39 11.35 10.40 12.17 10.32 11.041 10.56
CPU time (sec) 1,389 1,237 1,638 1,522 1,175 1,238 1,563861,1,113 1,04p 1,305

For comparison, the results from the combined mioee with the Heuristic
procedure and SA (improvement in package assignnaeatsummarized in Table 4.
From Table 4, it can be seen that the overall tedol rail and truck shipments as
solved by using the Heuristic procedure and SA rethgénmproved the results by the
Heuristic procedure only with a small CPU time @wse. In comparing the overall
results in Tables 3 and 4, the better approacblt@ gshe overall problem is to use the
Heuristic procedure for forming packages, applyrtadified SA in the rail package
assignment step, and assign truck shipment unitdymnit as stated in the Heuristic

procedure.

4.3. Experiment 3 [10 generated problemsto test the Heuristic procedurewith SA

considering consolidation, with RAIL plus TRUCK shipments, Data Set 2

with smulated industrial data]

To simulate an industrial case, the procedure weabdr tested with Data Set

2. The problem generation method is the same sitled earlier, except that the
truck shipment has 10% of vehicles needing conattid, and the number of
packages is higher than that in Data Set 1. Thkeage percentage of the number of
small packages in Data Set 2 is 48% as compardii%in Data Set 1. In Data Set

2, packages of the increased percentage in smakapas are shipped with a
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“priority” which requires the shipping dates to Ifahto a certain range of the

production periods, such as the first 3 weeks.

4.3.1 Resultsfrom Heuristic procedurewith SA

The results from the Heuristic procedure with SAB@ata Set 2 are shown as
in Table 5. From Table 5, it can be seen thasttetion is generally consistent with
the results given in Table 4. The MADs in the nembf railcars are noticeably
higher than those in Table 2 due to the natureth@tpriority” packages could not be
swapped freely. This also leads to the larger MADshipment intervals and the

numbers of carriers.

4.3.2 Inventory-cost comparison for scheduling solution with and without

consolidation

Further comparison is conducted for rail shipmeith\a procedure that does
not consider shipment consolidation (unconsolidatedexay using a one-stage
sequencing method to achieve smoothing for modadsadtributes. The railheads
are divided into two groups based on the total maufor a high-volume railhead, the
shipment is assumed to take place on a daily bfsis low-volume railhead, only
when the quantity reaches a minimum number ofagsl¢similar to the ones used in

Experiment 4.3.1 based on the frequency), it can the shipped in batch. Residuals

Table 5. Total objective values (Rail plus trualgri Heuristic procedure with SA

Run 1 2 3 4 5 6 7 8 9 100 Mean
Models 035 035 052 044 034 043 040 0.34 0.3931| 0.39
Attributes 044 043 059 046 043 041 044 04842 052| 0.46
Shipmentinterval 1.58 1.63 142 130 126 144 190 149 125 156481
No. of railcars| 151 122 1.63 1.81 210 203 21802 277 239 1.97
Numbers of Carriets 1.57 245 183 443 293 215 126 191 294 250402
Overall objective| 15.68 17.54 16.93 24.43 2051 1851 17.74 17.955422.21.19| 19.30
CPU time (Sed) 448 553 407 531 540 507 541 443 555 392 492

59



not fitting the whole number of railcars are hefdiuthe next shipment and so forth.
While both rail and truck shipments are considetiad,inventory-cost comparison is
based on the rail shipment only. The Heuristiccpdure with SA is applied for the
case with consolidation.

In the consolidated case it assumes a batch foanddassigned to a certain
day is shipped on the same day. The residualstiferconsolidated case are
scheduled to be produced with the last batch imtbath and shipped with the first
batch in the following month. The comparison resake given in Table 6. It can
be seen that using the scheduling approach wittangolidation, which is similar to
some existing industrial practices, the inventong asehicle dwell time are both
noticeably higher.

From Table 6 it can also be seen that the ovenadlashing (rail plus truck)
results are only modestly improved without consatimh. This comparison shows
that the overall smoothing results in models amdbates from the Heuristic approach
is relatively effective in smoothing for various deds and product attributes while
taking shipment consolidation into account. Fumii@e, a comparison of the
average inventory holdings (only rail is consid@reetween the two cases showed that
with the Heuristic procedure that considers codsoion, the average inventory cost
saving per month (averaged among 10 runs) duedteeel finished-goods inventory is
more than $160,000 based on a carrying cost ofp@2@ay per unit. This shows that
there can be a significant cost advantage in pintnsidering the finished-goods

distribution and production scheduling.
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Table 6. Inventory cost comparison with or withoanhsidering shipment consolidations

Inventory
Run 1 2 3 4 5 6 7 8 9 10 Megeost (Rail)
Model (Rail + Truck) 0.40 0.34 0.50 0.22 0.41 0.40 0.4600.9.44 0.3 0.39
Attribute (Rail + Truck) 0.43 0.42 0.37 0.38 0.38 0.4010.8.40 0.39 0.41 0.4p
No consolidation [No. of shipping days (Rail ) 24 24 24 24 24 24 24 24 24 |24 24
Daily inventory (Rail) 386 381 357 391 394 381 410 379 3976 B8 386
Total inventory.day (Rail) 9272 9134 8572 9393 9445 918339107 9536 9262 9278185,392
Model (Rail + Truck) 0.35 0.35 0.52 0.44 0.34 0.43 0.4 0.8439 0.31 0.39
Attribute (Rail + Truck) 0.44 0.43 0.59 0.46 0.43 0.41D.8.45 0.42 0.5p 0.4p
with consolidation |Average shipping interval (Rail) 3.85 4.01 3.52 4.299%43.83 4.83 4.04 5.09 3.96 4.19
Daily inventory in a cycle (Rail] 204 189 192 171 219 1675 185 210 21{ 192
Total inventory.day (Rail) 785 758 676 735 982 620 845 74671 832 803$16,063
Average cost savings - - $169,329
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4.3.3 Anillustrative example

An illustrative example for rail-shipment schedglitaking rail-shipment
consolidation into account is given in Table 7. c#in be seen that the Heuristic
procedure in conjunction with SA consolidates osdémto a given number of
shipments and relatively evenly spreads consolkitlatders into days of the month.
The daily total quantities are also kept relativebysistent. Residuals are combined

with the last shipment for each railhead in thidea

5. Problem Variants

5.1 Special transportation requirements

Due to the requirement of the rail transportatigstesm, a shipping practice
can limit shipping to certain regions on certairyslaf the week. For example,
orders to certain regions can only be shipped outMmndays, Wednesdays, and
Fridays; orders of certain other regions can omysbipped on Tuesdays, Thursdays,

and Saturdays; and orders of some high-volume megitay be shipped everyday.

Table 7. An illustrative example for a productiahedule that considers rail-shipment consolidation

Days
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
1] 330 330 0 330 0 335 0 0 330 0 335 0 0 0 0 320 0 0 0 0 0 333 0 0
2| 0 0 0 0 395 0 0 395 0 0 0 400 0 0 0 0 400 0 0 395 0 0 425 0
3| 0 0 0 370 0 0 370 0 0 0 370 0 0 385 0 0 0 380 0 0 385 0 0 389
4 0 0 295 0 0 0 295 0 0 295 0 0 295 0 295 0 0 0 280 0 0 280 0 284
5 0 330 0 0 0 315 0 0 320 0 0 315 0 320 0 320 0 315 0 317 0 0 0 0
6) 0 0 105 0 105 0 105 200 0 100 100 100 100 0 100 0 112 0 0 0 0 0 0 0
7| 80 80 75 0 75 150 0 150 0 150 0 0 75 75 89 0 0 0 0 0 0 0 0 0
8| 75 0 75 0 0 0 65 0 0 65 0 0 65 0 0 65 65 0 130 0 60 60 120 67
- 9 0 0 0 0 115 0 0 0 0 115 0 0 115 0 115 0 115 0 0 0 130 0 264 0
§ 10] 0 0 0 115 0 0 0 115 0 0 0 115 0 115 115 0 115 110 110 120 0 0
§ 1] 75 75 75 75 0 0 0 65 0 65 65 0 65 0 65 0 65 0 130 0 130 130 74 0
12] 50 0 55 0 0 0 0 0 0 0 55 0 0 0 0 0 0 68 0 0 0 0 0
13] 0 0 50 0 0 0 0 0 50 0 0 0 0 0 0 0 77 0 0 0 0 0 0 0
14] 0 0 50 0 0 0 0 0 40 0 0 0 0 0 0 40 0 0 0 0 0 46 0 0
15] 50 55 0 0 0 0 0 0 50 0 0 0 0 0 0 73 0 0 0 0 0 0 0
16| 0 40 0 0 0 40 0 0 0 0 0 0 0 40 0 0 0 0 0 47 0 0 0 0
17] 50 0 40 0 0 0 0 40 0 0 0 0 0 0 40 0 0 0 35 0 0 35 0 49
18] 55 0 0 0 50 0 0 0 0 0 0 0 0 0 50 0 0 0 72 0 0 0 0 0
19 40 0 40 0 0 0 0 0 0 0 0 0 40 0 0 0 0 40 0 0 35 0 0 39
20] 50 0 0 40 0 0 0 0 0 0 0 0 0 50 0 0 0 0 61 0 0 0 0 0
Total 855 855 860 870 855 840 835 850 855 840 870 870 870 870 8@D &H07 850 886 869 860 884 883 828
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For a region of which orders can only be shippedct@main days, any orders
produced not on these days result in additionalihgl costs for needing to delay to
the actual shipping days. To deal with this problariant, a penalty term can be
added to the objective function for this additiomailding cost. At each step of
assigning a rail package, the objective includingdei, attribute, carrier, interval,
number of railcars, plus a function of duratiohttile next shipping date is evaluated
in the Heuristic procedure and in the modified SAgedure. The best package
(with the smallest objective value) should be pitkaccording to the modified
objective function in the Heuristic or the modifi8é procedure.

5.2 Dealing with weekly orders

It is possible that the problem treats vehicle osde the weekly level in case
that the company only has sufficient order datagdaweek. In this case, the ideal
shipping interval of a railhead is calculated asl&ys (in a week) divided by its
shipping frequency. The due date for the firstkpge of any railhead may be
determined based on the last package shipped dosaime railhead in a prior week.
If a calculated due date is not within current waekan then be set as either Monday
or Friday of the current week depending on it s ¢arly or too late in relation to the
considered week. With this modification of dueesatthe Heuristic procedure and

SA procedure can then be applied to orders in &wee

6. Conclusions

This paper presents a Heuristic procedure thateadds the integrated
production scheduling problem considering produrctemoothing and distribution
efficiency. The problem is of multi-objectives amulti-dimensions and usually of

large size making it difficult to obtain an optimsdlution. A Heuristic procedure
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was developed based on sequencing mixed-model bBBsdmes to achieve a
desirable scheduling result while considering pgekassignment for shipment
consolidation. A simulated annealing procedure degeloped and applied to the
package assignment part of the Heuristic procedure.

The computational results showed that the Heuriptiocedure achieves
significant cost savings from addressing schedulit§ shipment consolidation for
rail shipments. The partial solution for rail paglke assignment obtained by using
the simulated annealing procedure showed noticeatgsovement over the Heuristic
procedure. The Heuristic procedure in conjunctath the simulated annealing
procedure showed promise in effectively obtainimgd solutions for the combined
problem of rail and truck shipments in jointly adslsing production scheduling and

product distribution for products with multiple apts.
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PART 3

A DECISION SUPPORT TOOL FOR PLANT ASSIGNMENT FOR
PRODUCTSWITH MULTIPLE PRODUCT OPTIONSWITH AN
AUTOMOBILE ASSEMBLY PLANT CASE STUDY

67



Abstract

Plant assignment is a common operational topicdfdigeindustry when there
are multiple facilities to manufacture a producthile each facility has its
production-resource, material, and supply-chairateel constraints. This paper
addresses plant assignment for products with ndalgoduct options, based on
which a unit of the product can be uniquely diffarfom other units. The focus of
this paper is on assigning such products to meltiplants considering multiple
constraints related to various product optionsrdeoto minimize transportation costs
and costs of assignment infeasibility. These camds related to multiple product
options can be due to consideration in productiesources, material supply, and
other supply-chain related limitations. A seriek nary- and mixed-integer
programming models are presented; and a deewmipport tool based on the
optimization models is presented. A case studprésented to demonstrate the

application of the decision support tool in an aubile manufacturing company.

1. Introduction

Mixed-model assembly lines nowadays are a commaatipe applied in
many assembly systems. Production of customizaioléucts with multiple product
attributes or options are often limited by capasiton a mixed-model assembly line
due to constraint limits on at least some of thedpct attribute values. For a
product that can be assembled in multiple assermlapts, assigning production
orders to these plants considering transportatostscwhile considering the capacity
constraints related to multiple product attributdues needs to be performed prior to
the scheduling and sequencing stages at each pld&roper models, solution

procedures, and decision-support framework for tpissignment to minimize the

68



transportation and other relevant costs considedogstraints related to various
product attributes can be developed.

Assigning customer demand to production facilitieas termed demand
allocation problem; the demand allocating probleas been widely studied in the
context of make-to-order systems where the objecis typically to optimize a
function of the manufacturing lead time (Benjaaédral. 2004). Buzacott and
Shanthikumar (1993) presented several cases imates Green and Guha (1995)
considered a multi-facility and multi-server systemallocate servers and demands in
a service system with multiple facilities. Poissprocesses are assumed for the
arrival and service processes. Benjaafar and Qip&0) considered multi-product,
multi-facility workload allocation problem with sgi times. Demands were
assumed to arrive according to Poisson procesaesehup and the processing times
can be arbitrary distributions. Heuristic worklaatbcation was developed based on
insight from a nonlinear optimization problem.

Benjaafar et al. (2004) jointly considered demalfidcation to facility and
inventory level for products at each facility foulple products, thus extended the
consideration to make-to-stock systems. The demandommonly assumed to
follow a Poisson distribution. Different cases weamensidered based on demand
splitability and warehousing forms. For each cassolution procedure is presented
to obtain the optimal demand allocations and ogtimeentory. The production,
transportation, inventory, and backorder costs amesidered with a service-level
requirement for each product in the model.

The existing research as stated above deals with pioblems with
probabilistic demand and products each with int@ngeable units. Our study is

trying to solve the problem of allocating known derds to multiple facilities with
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products of which each individual unit may be teglts a unique product due to
multiple product options. There is also an incie@sresearch attention on
scheduling and sequencing for products with muétiggtions (for example, Ding and
He, 2007, Gravel et al., 2005, Puchta and GottR€6R).

This paper addresses plant assignment for produotiders of a product that
can be manufactured in multiple plants in an asseftoborder production system,
where the production capacity is related to mudtiploduct options. A product with
multiple options results in different capacity regments for these options at each
plan; and each plant has its capacity limit ondaheunt of each product option in a
period. These capacity limits can be due to material-supply latign,
production-resource limitation, or other supplyicheelated limitations. In some
cases, it is assumed that some of these capaugitis lallow minor modifications
through negotiation with suppliers or by addingawty within the production facility
in order that the overall cost can be reduced.

This paper addresses the modeling, solution, diedniation tool in assigning
production orders of a product with multiple opsomo multiple plants while
considering constraint limits related to producti@ps in order to minimize the
transportation cost and cost of infeasibility. Section 2, a problem description is
given and the basic mathematical programming maalelgpresented. In Section 3,
a decisionrsupport tool is presented. In Section 4, a cagdysin the automobile

industry is presented.
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2. Problem Description and Mathematical Programming Models

Assume that a company produces a product with pielproduct options of
which p options are related to limited productiapacitiesin each of m facilities.
That is, each plant j has a limifclon the total quantity of product option k. There
are a total of n production orders in a period. mitation on the total quantity with a
certain product option is due to limited materiabglies, limited capacity in the
production resource, and other limitations. Thegedtives can include the total
transportation costs of having orders produced g@ilaat, costs of adjusting the
capacity limits to accommodate more orders, andcdsts of unassigned orders due
to capacity constraints. It is assumed that thHeseguent transportation costs of

having an order produced in plantis c¢;. The cost of increasing a unit of capacity

limit k at plantj is assumed to be known ag ib certain cases. Each product with
multiple product options can be built at any plamider consideration within the
production capacity limits.

In order to provide multiple considerations andsstirity analysis, multiple
mathematical programming models are presented. nWplant capacity-limit
adjustment is an option, the model may also incthéeassociated adjustment costs in
plant assignment. = These mathematmagramming models may be solved
iteratively to achieve applicable plant assignmeegults with possible empirical
adjustment.

Mathematical Programming Models
Model 1 The first model assumes that all capacity limaits fixed. Any order that
can not be assigned due to constraint limitatiotha model can be placed into an

“infeasible” pool (unassigned-order pool) with astof infeasibility due to unmet
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demand. The objective here is to find an optinsdignment of all orders while
minimizing the total transportation plus infeasilyicosts.

Decision Variables:

0, otherwise

ij

_{L if orderiisassignedo plant;]

_ {], if orderiisassignedo theinfeasiblepool

0, otherwise
Parameters:
_ |1, if order i usesattributek
B = 0, otheriwse
¢, =Transportation cost if order i is assigned to pjant
f =Cost of an infeasible order i
L, = Capacity limit associated with option k at plant
Minimize >Ycx +3 fz (1)
Subject to D xa, <L j=12..mk=12..p (2)
i=1
D) +z =1 i=12..,n (3)
j=1

X, =00rl,i=12..n,j=12..m andz =00rLi=12..n

This model determines the optimal plant assignmeaged on the given
capacity limits in various product options to miime the sum of transportation costs
and costs of infeasible orders. The optimal sotutprovides an initial plant
assignment and allows further development of aigeng analysis for solution
improvement purposes.
Model 2  When Model 1 has a high transportation cosihéeasible (unassigned)
orders in the optimal solution, Model 2 can be aupto further determine how to
reduce the transportation cost or total cost frood® 1. This may be accomplished
by including the capacity increases associated wditious product options at each
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plant as decision variables; and the objectivelmato minimize the overall increase
in the constraint limits and the cost of infeasibiders. In this model a condition is
included to limit the total transportation pluseasible-order costs to be no greater
than a user-specified level as a desired limit loesé¢ costs. Model 2 can thus be
applied to further determine how to achieve therddgotal cost by increasing certain
amounts of capacity limits, with a same or différlmvel of transportation cost from
Model 1. The optimal solution from Model 2 repmeisea sensitivity analysis of
model 1 to assist in identifying how to considee tonstraint-limit modification in
order to reduce the overall cost. (If a certainacéy limit is not adjustable or can
only allows limited adjustment, such a restrictican be easily incorporated in the
model.) Model 2 is as follows:

Additional decision variables:

W,_ =capacitylimit increasdor productattributek at plant j

jk
Additional parameters:

T = The total transportation plus infeasibility costaatser-specified level

Minimize ikzplw,k (4)
Subject to i)gjaik+s Ly +W, j=12..mk=12.,p (5)
=1
yyex +yfz<T  i=12.nj=12.m (6)
g(&j)u =1 i=12..,n @)

,=0o0rli=12.,nj=12,..m;z, =00r1,i=1,2,..nW, =0 and integer

Model 2 is applied when it is desirable to furtheduce the total (T)

transportation plus infeasible-order costs. In¢hee that the infeasibility cost has
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dominated the transportation costs and that trereiinfeasible order, T represents
the desirable level of transportation cosAdding the transportation plus infeasibility
cost limit in constraint set (6) in Model 2 provida sensitivity analysis for Model 1,
where integer variables are used and a sensitanilysis result is generally not
obvious. Model 2 can provide guidance regardingchvitapacity limits to increase
while containing the total cost. If decisions arade to allow some positive;¥8 as
identified by Model 2, Model 1 can then be furthersolved following these

increases.

Model 3  In case that the cosb, of adjusting a capacity limit k at plant j is

known, Model 3 can include these costs in miningzime total cost.

Additional parameters:

b, =cost of adjusting a unit of the capacity limit k &t plant j

Minimize Zn:ic,jxj +Zn: f,z, +Zm:ibjkwjk (8)
i=1

i=L j=1 =1 k=1

Subjectto Y x@a, <L, +W,  j=12..m k=12,.,p )
> x +z =1 i=12.,n (10)
=1

X; =00rl,i=12..n j=12..m and z =0or 1i =12,...,n;W, >0andinteger
3. A Decision Support Tool

For practitioners, solving such a plant assignn@oblem may need to be
performed periodically and interactively. A comipgttool can be developed with
user-friendly interface based on an efficient optation solver. If needed, heuristic
solution procedures can be developed to find a gmbation in a shorter time. To
be used in a company setting, such a computing sbolld be able to retrieve
relevant data from its system databases regardider anformation, relevant costs,

and capacity limits. This program can then soheshinary-integer model (Model 1)
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or mixed-integer programming model (Model 3). Tioel should also allow the
user to make further adjustment of the capacitytdirfsuch as Model 2) based on the
initial optimal solution or based on user expereeand judgment. These models can
be run iteratively until the solution is satisfagtoand no more capacity limit
adjustment is deemed beneficial or feasible. Tséesn can then output results to a
spreadsheet or database.

A schematic of the computing tool is given in Figdr. The decision-support
system can be written in a programming languageall@avs being executed in a user
friendly manner; for example, a programming languagthe .net framework. An
optimization solver may be called from the programgnlanguage. If an
optimization solver can solve the problem efficignthen the optimal solution

approach can be used instead of a heuristic solptiocedure.

Data retrieval ' | optimization | Output
Retrieving Processing data Solve a math Totglscsz?sr:n%e?]rtder
system data > for use in »| programming model g
optimization I (by an optimization
: ; solver or a heuristic ]
i P procedure) i Ty Infeasible orders &
i I Pt I Sensitivity analysis
Further parameter y
changes Capacity-limit changes
New model

(What-if analysis)

Figure 1. A schematic of the decision support fooplant assignment
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4. A Case Study

This case study considers an automobile manufactiareghe U.S., which
manufactures passenger cars, trucks, and spditg ugihicles in multiple assembly
plants. The company uses more than 6,000 parte fvuerseas and domestic
suppliers. Some of these parts are limited inl tw&dly or weekly quantities. For
each product line, the vehicle has about sixty arust-selectable options, for
example, sunroof, leather seat, hybrid, atldy wheel. Each assembly plant has
multiple assembly lines, and each assembly linechaacity limits on the quantities
of certain product options of the assembled praducthe focus of this case study is
on a product line that has a high production voland needs to be produced in the
company’s two plants in the U.S.

Once vehicles are produced, at each plant, the aoynghips vehicles to
various sales regions or dealers in North Americgriick or rail transportation.  The
transportation-cost difference by shipping a vehiflom a closer plant can be
significant and quickly amplified by the magnitudé its distribution operation.
Thus for a vehicle model that can be manufacturedmultiple facilities, it is
economical to assign to the closest site to mingntize transportation cost while
staying within the plant-capacity and material-&daility limits related to multiple
product options. The total number of options tha¢ considered during plant
assignment is around 20 to 60 product options foua periods. The set of active
options and their capacity limits vary over time.

The planning horizon considered by the companyantmssignment includes
a month or a week depending on the data set copsidd the time of application.
The monthly production of the considered productai®ut 20,000 units. For

monthly planning, only sales-region informationefth are 8 sales regions within the
76



U.S.) is available for each vehicle order. Wheaoitnes to weekly planning, many
orders then have specific dealer information. Thensportation cost can be
associated with a dealer order or with a salessregrder for being produced at each
plant. The capacity constraints are given at fihee tof determining the plant
assignment; however, some limits may be modifiedugh negotiation with suppliers
or by internal resource or staffing adjustment gblant. The objective in plant
assignment is to minimize the total transportatost with a minimum achievable
capacity-limit increase.

The computer program developed for plant assignmenthe company
incorporates two mathematical programming modelsd@fis 1 and 2) as stated above.
The program is written in C# that invokes OPL-CPLEXsolve the mathematical
programming models, and handles input and outpta 8§ user-friendly forms.
Running Model 1 requires first assigning an “infesorder” cost based on the best
knowledge of the perceived tradeoff or cost esttmafThe system will then take the
infeasibility and transportation costs into accotmbbtain an optimal solution. If
the infeasible order cost can be close enougheadhl opportunity cost of loss of
sale, then this model should present the finalnogitidecision for order assignment.
The company in the Case Study, however, requirenasy orders as possible to be
produced on time. Thus, in Model 1 a very largédu@awas suggestetbr the
infeasible-order cost value.

After solving Model 1, a sensitivity analyses cam lieneficial to give the
user suggested directions for improving the totet ¢through modifying the capacity
limits of various constraints regarding the prodogtions. Model 2 limits the
transportation plus infeasible-order cost to a gpecified level while minimizing the

total increase in thigmits. The output from Model 2 is treated as @gline for
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Table 1. The average test results from 10 randgmherated problems

Scenario 1 2 3 4
('”feas'b"'g’off;f:;ﬁ’t T.rr]r:tt;,; ($50, 12%) ($150, 129%) ($50, 5%) ($150, 5%)
No. of infeasible orders 877.8 402 0 0
Transportation cost$23,759.20 $67,171.8 $7,716.9] $7,716.9

Total cost| $67,649.20 127,471.8 $7,716.9 $7,716.9

CPU time (Second 36.773 33.745 47.219 184.49

capacity-limit negotiation or adjustment. (ModakZurrently not considered in this
decision-support tool as the unit cost of incregsancapacity limit is not easy to
estimate by the firm.) The user can also run Mddiel multiple trials with different

parameters based on experience and judgment, ed lmas capacity-limit increases

indicated by Model 2 with different cost levels.

5. Computational experience

To further test the experience of the solution,t@6l problems of a two-plant scenario
were randomly generated. Each problem has 18,8f€ysy and each order has 10
customer-selectable options. For each option, eadér has an equal probability of
with or without the option. For each order, thaeferred” plant (with a lower
transportation cost) is set randomly. The initiapbacity limit for each option at each
plant is set as equal to the total number of gewgcally preferred orders with the
option. Each initial capacity limit is then reddcby a certain percentage (5% or
12%) at one plant and moved to the other plant.e Transportation cost at an
un-preferred plant is randomly set 8t 2*,.., or 2. The cost for an infeasible order
is assumed to be $5@r $150. Model 1 has 54,000 binary integer vagsbbnd
18,022 constraints. The average test resultstarersin the Table 1. The results

showed efficient computation with a cost savingeptal.
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Table 2. Results from real production data sets

Case 1 2 3 4 5 6 7 8

# of orders 4,786 | 4,786| 4,785 4,786 4,789 4,529 560,06 5,659
CPU time (sec)6.26 6.76 6.15 5.85 7.29 6.01 6.75 7.50
Transportation co$$54,894 $53,728 $56,007 $57,062 $57,199 $36,120 $45,319$44,716

Furthermore, 8 weekly production data sets were t@sted. In each data set,
there are a total of about 5,000 orders (weekleQrtb be assigned to two plants in
each week. Six product options are consideretiérptant capacity limits. Within
less than 10 seconds, the optimal solution (Moglelds obtained with no infeasible
orders. The total cost savings for assigning thesekly orders were estimated to be
$60,000 as compared with the procedure currentty us the company. The test
results are presented in Table 2.

Figure 2 has one of the forms of the developed caengool. It summarizes
the optimal solution, total cost, transportatiorstccand cost of infeasibility. The
capacity limits and actual capacity usage in tHes#s in the optimal solution are
also displayed.

The user can then take further actions. In thisecdhe total cost is
$54,753.49 with 38 “infeasible” orders. Model 2ndae run to find the minimum
capacity increase to reduce the number of “inféasilmrders or to limit the
transportation cost by providing a user-specifigtdltcost.  After running Model 2,
if the results in capacity limit adjustmeate acceptable, results can be retrieved, or
else with further user adjustment the user shaeddin Model 1 to obtain the optimal
total cost and final assignment based on the cgplawiits obtained in Model 2. At
the end of iterative computation, the informatidnooder assignment and capacity
limit increase will be passed to the productionteys for further scheduling,

sequencing, and coordination. As shown on thees¢rearious computing options
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Optimizing Results and OCF Limit Adjustment

Total Cost $54753.49

Transportation $51979.49
Infeasible Cost: $2774 ($73°38)

Infeasible order cost per unit (change only if it is re-defined) - 73

Current OCF usage and OCF limits Infeasible order summary.
Canton Smyma
OCF OCF Currerit INCREASE OCF Cument INCREASE 4 Plarit Nofirfeasible
Code Usage OCF limit in OCF fimit Usage OCF limit OCF limit ) m P
3 A11801001 2501 2501 |0 2247 2285 o
! ! 1 3 - | Smyma 3
A 5 715 | 0 7 = i
| 11520003 .:5:15 | 1 .D | €06 32 ] Tetal pr
| A11520004 1795 | 99958 o 1312 99959 o & I T
A11920005 REE |70 0 101 131 o < S
b | 3 v
£ | >

You have the following options to choose:

Option1: No adjustment and Accept results.

) ) . REVIEW
Option 2: Run model 2 to find min increase then Rerun model 1. SCENARIOS
> | RUNMODEL 2 | « 5 AND

RERUN RESULTS
(Optional to manually MODEL >
adjust OCF limits 1
Option 3: Manually enter adjustment and Rerun model 1. after model 2)

—_—— - =g = - = e —
74 start [} Dissertation 8., % Nssan DS ors... | ®5 Mssan DS (Ru.. | (¥ Nissan DualSo... Optimizing Res... Q{; LG gL g e R 10:50 AM

Figure 2. Aresult screen in the program

are provided for user selection.  Since this canolme an iterative computing
process, the results from different scenarios (base different parameter settings)
can be saved for finaelection. The above program has been well reddiyethe

company and is in the process of being adopted.

6. Summary and Conclusions

This paper addresses the plant assignment problensidering the
transportation cost and cost of assignment infdagilbor a product with multiple
product options to be manufacturing at multiplenpda A binary-integer and two
mixed-integer programming models were presente@dssible iterative solution. A
model is to minimize the transportation costs awndsfbly costs of adjusting the

capacity limit. Another model serves as a tooldensitivity analysis to identify the
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best choices to modify capacity limits. The frarekvof a decision support tool
was presented.

An industrial case study was also presented, amd bihary-integer and
mixed-integer programming models were applied indecisionsupport tool
developed for the considered automobile manufagjuiirm. The decisiosupport
tool invoked an optimization tool and solved thelgem efficiently. Aided by
user-friendly interface, the program allowed thesrugo retrieve data, solve the
problem, and modify the solutions interactively. otideable cost savings have been
observed through using the optimal solution basedaual data sets in comparison
to the currently existing procedure. The applmatdemonstrated that an optimal
and efficient solution tool aided by user-friendhterface can provide a beneficial

decisionsupport system in a manufacturing environment.
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SUMMARY AND CONCLUSIONS

Mixed-model assembly line sequencing is a commactme in many industries,
especially in the automobile industry. Efficientoguction scheduling and
sequencing can lead to the improvement in the dveraduction, material-supply,
and distribution efficiency. This dissertationeasch developed a series of methods
and heuristic procedures to deal with the asseidyscheduling and sequencing
problems considering automobiles with multiple op§ as commonly encountered by
automobile manufacturers. A common thread of theedaling and sequencing
problems addressed in this dissertation is thentdiein of products based on multiple
options. The scope of the research considerateqends from production to

material supply to distribution.

Another research topic considered in this dissertaaddressed plant assignment
for a product with multiple options on which theapt constraints are based. This is
performed before scheduling and sequencing in oraeeduce the transportation

costs and a possible cost of infeasibility.

Heuristic procedures to solve a multi-objectiveeassly line sequencing problem
for products with multiple options were presentediave broader considerations than
mixed-model assembly line sequencing and the c@reseing problem addressed
individually. The computational results showed ttlthe developed procedures
achieved a better solution quality than simulatedealing in a relatively short time.
These developed procedures may be applied to @seigg problem for automobiles

or other products with multiple options.

A Heuristic procedure addressing the productionedaling problem to jointly

consider production smoothing and product distidrutvas presented. A simulated
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annealing procedure was developed to further ingmart of the heuristic solution.

The partial solution in package assignment as obthby the simulated annealing
procedure showed improvement over that by the ldécagrocedure. The Heuristic

procedure in conjunction with the simulated anmggprocedure can be applied to the
scheduling problem of products with multiple opsoim addressing the production
smoothing and distribution efficiency jointly. Thiest results also showed a
significant inventory reduction using the proposstheduling method than the

existing scheduling practice which ignores theritistion efficiency.

To further address the plant assignment problem pf@duct with multiple
options, several mixed-integer and binary-integegmms were developed. These
mathematical programming models, along with a camptool, allowed interactively

solving the plant assignment problem based onybies constraints and conditions.

In summary, problem models and solution proceduwvese developed in this
dissertation to address the mixed-model assemidydequencing and scheduling to
improve the supply chain operation involving proiifue, material supply,
distribution, and production loading of the autont®lassembly plants considering
multiple product options. Randomly generated pobkets were used to evaluate
the developed procedures and compared with metastieuapproaches when
applicable. A case study and several industrith dats were included to provide

application examples.
Future research may be conducted in the follownegst

1) Developing a more general procedure to deal withghneral sequencing
problem of products with multiple options considegrimultiple objectives

presented in Part 1 of the dissertation. This gase the implementation of
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2)

3)

4)

the solution procedure for real production systems.

In Part 2, the Ant Colony Optimization (ACO) hetigsprocedure may be

developed to enhance the solution quality.

For the decision support tool developed in Pamvi3en the order planning
horizon changes from monthly to weekly due to clesnig customer orders,
it needs to be re-run for further update. A moeetable program may be

developed to deal with the system change.

The sensitivity analysis regarding the binary-ietegrogramming problem

presented in Part 3 may be further developed tstaesdecision making.
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