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Abstract In this research, we model a semiconductor wafer
fabrication process as a complex job shop, and adapt a Mod-
ified Shifting Bottleneck Heuristic (MSBH) to facilitate the
multi-criteria optimization of makespan, cycle time, and
total weighted tardiness using a desirability function. The
desirability function is implemented at two different lev-
els of the MSBH: the subproblem solution procedure level
(SSP level) and the machine criticality measure level (MCM
level). In addition, we suggest two different methods of
choosing the critical toolgroup at the MCM level: (1) the
Local MCM approach, which chooses the critical toolgroup
based on local desirability values from the SSP level and
(2) the Global MCM approach, which chooses the critical
toolgroup based on its impact on the desirability of the en-
tire disjunctive graph. Results demonstrate the desirability-
based approaches’ ability to simultaneously minimize all
three objectives.
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1 Introduction

The Factory Operations portion of the 2005 International
Technology Roadmap for Semiconductors (SIA 2005) in-
dicates that there is increasing pressure on semiconductor
manufacturers to maximize throughput, reduce cycle times
and improve on-time delivery (OTD) of products to cus-
tomers. This section of the ITRS also contains a list of po-
tential solutions to the cost per function (e.g., transistor) and
cycle time requirements. The potential solutions are classi-
fied into planning decision support tools at the strategic level
and tools for running the factory at the tactical or execution
level. The ITRS identifies real-time scheduling as one of the
execution-level potential solutions. In this paper, we discuss
the development of a new approach for scheduling semi-
conductor wafer fabrication facilities (“wafer fabs”) that at-
tempts to optimize an aggregation function that combines
throughput (equivalent to makespan (Cmax)), average cycle
time (CT, which is similar to the sum of completion times),
and OTD (minimize total weighted tardiness (TWT)).

In a typical wafer fab, there often are dozens of process
flows. Process flows are routes that the wafer lots have to
follow in the factory. Each process flow contains 200–500
processing steps and more than 100 machines. These ma-
chines are expensive, ranging in price from $50,000 to over
$14 million per tool. Frequently, groups of identical ma-
chines process lots in parallel, thereby forming a toolgroup.
The economic necessity to reduce capital spending dictates
that such expensive machines be shared by all lots requiring
the particular processing operation(s) provided by the ma-
chine, even though they may be at different stages of their
manufacturing process flow. In fact, a given part may visit
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a toolgroup many times as part of its process flow; this is
called re-entrant flow. This results in a manufacturing en-
vironment that is different in several ways from both tra-
ditional flow shops as well as job shops. The main con-
sequence of this re-entrant flow is that wafers at different
stages in their manufacturing cycle have to compete with
each other for the same machines. The manner in which this
competition is resolved has a clear impact on wafer fab ob-
jectives.

Furthermore, the nature and duration of the various oper-
ations in a wafer fab process flow differ significantly. Some
operations require 30 minutes or less to process a lot of 25
wafers, while others may require over twelve hours. Many
of these long operations involve batch processing of lots and
it is not uncommon for one-third of all wafer fab operations
to involve batch processing. Batch processing machines tend
to off-load multiple lots (1 to 6) onto tools that are capable
of processing only one lot at a time. This leads to the forma-
tion of long queues in front of these serial (non-batch) tools
and ultimately a non-linear flow of products in the factory.
The probabilistic occurrence of unplanned tool failures re-
sults in a great deal of variability inherent in the time a lot
spends in process in the wafer fab. This variability prevents
accurate prediction of production cycle times, resulting in
longer lead-time commitments. There are some wafer fab
machines, such as ion implanters, that require significant
sequence-dependent setups. If not scheduled appropriately,
these tools can become wafer fab bottlenecks. In order to
understand the scheduling approaches currently being used
in the semiconductor industry, a survey instrument was cre-
ated and sent to each of the Semiconductor Research Corpo-
ration and International Sematech member companies. The
survey was designed to ask specific questions regarding the
types of scheduling methodologies currently implemented,
the limitations of these methodologies, and the needs for fu-
ture generation scheduling systems. In total, 16 respondents
from 14 companies participated in the survey, representing
wafer fabs from Europe, Asia, and North America.

Survey results indicate that many dispatching systems are
in place within wafer fabs, most of which have been in-
stalled for more than five years (Fowler and Pfund 2001).
These systems are considered “satisfactory” in that benefits
are being received, but the majority of survey respondents
believe that more benefits are possible. Specifically, respon-
dents indicate that better scheduling/dispatching rules, test
environments, and reporting tools are needed. The survey
asked for the top three objectives used in wafer fabs today.
The top three responses were cycle time, factory throughput,
and on-time delivery. Maximizing factory throughput is sim-
ilar to minimizing makespan, while TWT can be thought of
as a surrogate measure for OTD. Compared to the results of
the 1994 Sematech survey, cycle time and OTD have gained
significant importance in wafer fabs (Neacy et al. 1994). The

primary goal of this research effort is to develop a solution
approach that provides good performance for makespan, av-
erage cycle time, and TWT for semiconductor wafer fabs.
We use the well known Shifting Bottleneck approach as the
basis for our approach.

2 Related work

2.1 The shifting bottleneck heuristic

The disjunctive graph formulation and the Shifting Bottle-
neck procedure to solve the job shop scheduling problem
to minimize the makespan (Jm||Cmax in the notation α|β|γ
of Graham et al. 1979) was first proposed by Adams et al.
(1988). Since then research has been focused on the algo-
rithmic improvement of the procedure (papers that focus on
this include Dauzère-Pérès and Lasserre 1993, Balas et al.
1995, and Balas and Vazacopoulos 1998) and also on ex-
tending the Shifting Bottleneck procedure to more compli-
cated objectives and augmenting the job shop environment
with features that commonly occur in practice. Ovacik and
Uzsoy (1992) use an adapted Shifting Bottleneck procedure
for the scheduling of semiconductor testing operations. They
included sequence dependent setups and used the maximum
lateness as an objective (Jm|rj , sjk|Lmax). Ivens and Lam-
brecht (1996) and Schutten (1998) discuss the extension of
the disjunctive graph formulation to accommodate practical
features such as due-dates, release dates, setup times, trans-
portation times, parallel machines, and beginning inventory.

Pinedo and Singer (1999) develop a disjunctive graph for-
mulation and used the Shifting Bottleneck procedure to min-
imize total weighted tardiness (Jm|rj |∑wjTj ). Wafer fabs
are modeled as complex job shops by Mason et al. (2002),
who extend the classical job shop work of Pinedo and Singer
(1999) to develop a disjunctive graph formulation and modi-
fied Shifting Bottleneck heuristic (MSBH) for the wafer fab
scheduling problem which we represent as FJc|rj , sjk,p-
batch, recrc|∑wjTj . Mason et al. (2002) account for tool-
groups consisting of multiple identical machines in a given
work center which perform the same function (which is why
the environment is a flexible job shop represented as FJc),
batch processing tools (p-batch), different arrival times of
job (rj ), sequence-dependent setups (sjk), and recirculating
product flow (recrc); all of these are key features that char-
acterize manufacturing in wafer fabs.

2.2 Multicriteria scheduling

Multicriteria scheduling research arose from the need to ad-
dress real world scheduling problems, which seldom have
a single objective function. A schedule that is good for one
objective function may in fact be quite poor for another. De-
cision makers must carefully evaluate the trade-offs involved
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in considering several different criteria in practical schedul-
ing applications.

Multicriteria problems can be considered in many ways
and therefore it is important to point out the nature of op-
timization being performed. Consider, for example, a bicri-
teria scheduling problem with objectives of minimizing γ1

and γ2. If X is a feasible schedule, then let X(γ1) and X(γ2)

be the γ1 and γ2 objective function values of X. While our
discussion is on bicriteria problems, the ideas are easily ex-
tended to problems with more criteria.

Sometimes the decision-maker has a priori information
regarding the nature of optimization to be performed. For
instance, criteria γ1 may be of primary importance and γ2

of secondary interest. In other words, a solution best in γ2

may be desired among all solutions that are best in γ1. This
is called hierarchical or lexicographic optimization. In other
cases, the decision-maker may have a composite linear func-
tion of the form Fl(γ1, γ2) = αγ1 + (1 − α)γ2, 0 ≤ α ≤ 1
in mind that needs to be minimized. The weighted sum
translates multiple objectives into a single objective value
for a proposed schedule. In this way, alternative schedules
can be compared easily using only a single objective or fit-
ness value. Some difficulty can be experienced in setting the
weighting factors in practice, primarily due to the dimen-
sionality of the objective function criteria in practice. Care
must be taken to ensure the scale of γ1 (e.g.,

∑
wjCj ) does

not dominate γ2 (e.g., Cmax). Recently, Kacem et al. (2002)
introduced a homogenization approach for dealing with this
potential scale difference. Cochran et al. (2003) discuss sev-
eral schemes for weighting the objectives.

A more complex problem is to generate the set of Pareto
optimal or non-dominated points for the decision-maker to
choose from. In a bicriteria context, a schedule X is called
Pareto optimal or non-dominated if there exists no other fea-
sible schedule X′′ such that X′′(γ1) ≤ X(γ1) and X′′(γ2) ≤
X(γ2) where at least one of the inequalities is strict. The de-
cision maker can now choose from this set of non-dominated
solutions, the schedule that is most preferred. This approach
is called the a posteriori approach and is generally the most
difficult.

For comprehensive surveys on multicriteria scheduling
we refer the reader to Foote et al. (1988), Nagar et al. (1995),
T’kindt and Billaut (2006) and for a more recent study to
Hoogeveen (2005). Of other papers, we refer here only to
the papers that involve the job shop environment. Very few
researchers have dealt with multi-criteria scheduling in job
shops. The complexity of the problem has a major role to
play in this. Esquivel et al. (2002) and Kacem et al. (2002)
investigate the generation of Pareto optimal schedules in
classical and flexible job shops. Iima et al. (1999) and Itoh
et al. (1993) consider the minimization a function that in-
volves all the objectives under study in classical job shops.
Balas et al. (1998) address the job shop scheduling problem

with deadlines (J |d̃| ∈ (Cmax, Tmax) in the terminology of
T’kindt and Billaut 2006). This can be viewed as a bicrite-
ria problem involving minimax objectives. The ∈-constraint
approach involves generating the set of Pareto optimal solu-
tions by solving a series of subproblems in which one cri-
terion is optimized while not exceeding a certain prefixed
value of the other criterion. Recently, Balas et al. (2005) con-
sider the same problem but with the inclusion of sequence
dependent setups (J |d̃, sjk| ∈ (Cmax, Tmax)).

In this paper, we consider multicriteria scheduling prob-
lem in which we combine makespan (Cmax), average cycle
time (

∑
Cj ), and TWT into a single aggregation function.

Our aggregation function, however, is different from the lin-
ear combination of objectives described earlier. We use, in-
stead, the desirability function to aggregate the objectives.
We assume the decision maker has a prefixed goal/target
value and an upper/worst-case value for every criterion. We
also assume the decision-maker, just as in the linear com-
bination case, is aware of the priorities on the objectives.
The complex job shop environment has only been studied
for TWT (Mason et al. 2002). Here we present a solution
methodology for the multicriteria optimization of makespan,
average cycle time, and TWT in a complex job shop.

Before we proceed with describing our approach, we note
that minimizing any of the three criteria considered indi-
vidually in a complex job shop is strongly NP-hard (via re-
duction from the classical job-shop case), and therefore the
multicriteria problem involving the three criteria is strongly
NP-hard as well. Our approach, therefore, focuses on the
development of a heuristic approach that is computation-
ally feasible for the complex job shop environment. We also
note that while approaches other than the Shifting Bottle-
neck heuristic (enumerative approaches such as branch and
bound algorithms, and meta heuristics) have been used for
classical job shops, these approaches are difficult to apply,
given the additional complicating features of the complex
job shop (Mason et al. 2005). We therefore choose to build
on the MSBH of Mason et al. (2002) to extend it for the
multicriteria problem.

3 Aggregation using the desirability function

The desirability function approach in optimizing multiple
criteria of interest was originally suggested by Derringer and
Suich (1980). The approach transforms each objective into
a value between 0 and 1. Thus, each criterion is converted
into an individual desirability function δi that varies over
the range zero to one. If is outside the user’s defined accept-
able range, then δi = 0. However, if yi meets the goal, then
δi = 1.

In our research, all three objectives (makespan, cycle
time, and TWT) are to be minimized. Let U be the maxi-
mum allowable value for the response and let G be the goal
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Fig. 1 The desirability function for measure i (Myers and Mont-
gomery 1995)

value for yi . When minimizing the response yi, δi = 1 if
yi < G. Further, if G ≤ yi ≤ U ,

δi =
(

U − yi

U − G

)zi

. (1)

Otherwise, if , then δi = 0. In (1), zi is a real number known
as the weight on the desirability function. When zi = 1 for
each objective i, the desirability function is linear (Fig. 1).
Choosing zi > 1 places more emphasis on being close to the
goal value, while setting 0 < zi < 1 decreases importance
on proximity to the goal value.

Once the individual desirabilities have been calculated,
the combined desirability D, which is to be maximized, is
computed as the geometric mean of the individual desirabil-
ities:

D = (δ1δ2 · · · δm)1/m. (2)

In (2), m is the total number of responses. For our research,
m = 3, as we represent the desirabilities of makespan, cycle
time and TWT as δcmax, δct, and δtwt. Each desirability value
δi in our experiments will have goal value Gi and maximum
(upper) limit Ui , ∀i ∈ {C max,CT,TWT}.

It is important to link the properties of a solution that is
optimal with respect to a desirability function, and its con-
nection to the classical multicriteria idea of a Pareto optimal
or non-dominated solution. From the definition and discus-
sion of the desirability function, it is clear that the optimal
solution depends upon the goals (G values) and upper tar-
gets (U values) assumed for each criterion. We have listed
below two specific cases below with regard to this. While
these cases highlight situations where optimality with re-
spect to the desirability function and Pareto optimality may
not always match with each other, they also show that these
differences are more due to the framing of the problem with
respect to upper and lower limits than any inherent issues in
the desirability approach.

1. The way the desirability function is structured, any so-
lutions that are over the pre-specified upper limit (for

a minimization problem) for any of the criteria are as-
signed a value of 0. If the upper limit is fairly strict
(aggressive), this could exclude non-dominated solutions
that are at the ends of the efficient frontier. But in prac-
tice this simply means that these solutions not acceptable
because they perform poorly for at least one of the crite-
ria. Thus, a non-dominated solution may not be optimal
from a desirability point of view as certain constraints on
individual criteria have to be met.

2. Consider now the set of feasible solutions X with non-
zero desirability values. Thus, for each solution in X, the
criteria values will be strictly less than the upper limits.
Let x∗ be a dominated solution in X. Let NDx∗ be the
set of non-dominated solutions that dominate x∗. Also,
let x∗(j) represent the value of criterion j for solution
x∗ and Gj represent the goal or target value for criterion
j . Then, for a given set of desirability weights, x∗ is an
optimal solution with respect to the desirability function
if: There exists no criterion j and no x∗∗ in NDx∗ such
that x∗∗(j) <= Gj <= x∗(j).

This situation arises because the desirability function
does not distinguish between solutions that are below Gj

for criterion j : it assigns them a value of 1 even though
there are differences in criteria values. This reflects the
idea that a “satisfaction level” for that criterion has been
met. We note that while x∗ is optimal for the desirabil-
ity function (despite being dominated), there exists a so-
lution(s) in NDx which is (are) non-dominated and also
(alternately) optimal. Also, as a special case if we were
to set Gj to 0 (or to really low value), x∗ would no longer
be optimal for the desirability function. This leads to our
decision for choice of Gj values in our methodology
(see Sect. 4.1).

4 Methodology

We first provide a brief overview of the Shifting Bottle-
neck heuristic. Using the disjunctive graph representation,
the SB procedure of Adams et al. (1988) decomposes the
Jm||Cmax problem into multiple instances of the 1|rj |Lmax

problem (‘subproblems’). The subproblems are solved ac-
cording to some specified ‘subproblem solution procedure’
(SSP) (a heuristic or an exact procedure depending on the
computational requirements), and then evaluated in terms
of a specified performance or ‘machine criticality’ mea-
sure. A computational study of machine criticality mea-
sures and sub-problem solution procedures is provided in
Holtsclaw and Uzsoy (1996). The ‘most critical’ machine is
then scheduled at each iteration of the procedure.

The MSBH procedure of Mason et al. (2002) builds on
the SB procedure. It decomposes the complex job shop
scheduling problem into individual toolgroup scheduling
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instances (each toolgroup scheduling instance is a sub-
problem). The toolgroups (or the set of identical parallel
machines) are then scheduled using a sub-problem solution
procedure (SSP), and are then evaluated based on a machine
criticality measure (MCM). The most critical toolgroup is
then identified and scheduled in that iteration. Since our goal
is to develop an approach that takes into account multiple
criteria, we use the desirability function aggregation of the
three objectives in our sub-problem solution procedure as
well as our machine criticality measure. We now describe
the details of our approach.

The MSBH of Mason et al. (2002) is used for analyzing
the FJc|rj , sjk , p-batch, recrc|∑wjTj problem. We now
present the steps of the MSBH:

1. Let M denote the set of all m toolgroups. Initially the
set M0 the set of toolgroups that have been sequenced or
scheduled is empty.

2. Form and solve the subproblems for each toolgroup i ∈
M\Mo (SSP level)

3. Identify the critical or bottleneck toolgroup k ∈ M\Mo

(MCM level)
4. Sequence tool group k using the subproblem solution

from Step 2. Set M0 ∪ {k}.
5. Re-optimize the schedule for each toolgroup m ∈ M0

considering the newly added disjunctive arcs for tool-
group k.

6. If M = M0 stop. Otherwise, go to step 2.

At the SSP level (Step 2), each toolgroup is scheduled
using some SSP, and an objective function evaluation is ob-
tained each time a proposed toolgroup schedule is inserted
into the underlying disjunctive graph. At the MCM level
(Step 3), each toolgroup’s objective function is then used
to determine the most critical toolgroup in the current it-
eration of the MSBH. At both the SSP and MCM levels,
we propose to use the desirability function of Derringer and
Suich (1980), which seeks to optimize a single aggregation
function that combines several different objective functions.
We combine makespan, cycle time (average flow time), and
TWT into a single desirability function, which is then opti-
mized.

4.1 SSP level

We use the Apparent Tardiness Cost with Setups and Ready
Times (ATCSR) heuristic of Gadkari (2003) to schedule jobs
on each toolgroup at the SSP level. The ATCSR is a com-
posite dispatching rule. It combines four different priority
rules—Weighted Shortest Processing Time (WSPT), Least
Slack, Shortest Setup, and Ready Time—into a single func-
tion. Except for the WSPT rule, all other rules are raised to
an exponent so that they appropriately discount the index

value for a job. In the ATCSR heuristic, an index Ij (t, l) is
calculated for every unscheduled job at time t as follows:

Ij (t, l) = wj

pj

exp

(−max(dj − pj − max(rj , t),0)

k1p̄

)

× exp

(

− slj

k2s̄

)

exp

(

−max(rj − t,0)

k3p̄

)

, (3)

where wj is job j ’s weight or priority, and rj is the ready
time of job j with dj and rj set by finding the critical path
of the disjunctive graph. We do not use the dk

i,j variables of
Pinedo and Singer (1999) as they require increased compu-
tations and need to be calculated at each subproblem. This is
especially true for the large models we consider in our exper-
iments. Further, slj is the setup time incurred when changing
from job l to job j, p̄ is the average processing time of all
remaining jobs, and s̄ is the average setup time. The three
scaling parameters k1, k2, and k3 determine the relative im-
portance of the exponential terms in relation to each other
and to the WSPT term. The heuristic works as follows: we
first identify the machine j that is available to process jobs
the earliest (t denotes the time at which the machine is avail-
able). Next, we calculate the Ij (t, l) value for all unsched-
uled jobs and schedule, at time t on machine j , the job that
has the highest Ij (t, l) value. The time on the machine is
updated and the procedure is repeated.

ATCSR has traditionally been used only for the TWT ob-
jective (Lee and Pinedo 1997 and Gadkari et al. 2007). How-
ever, some of its components may be beneficial to the other
objectives such as makespan and total completion time con-
sidered in this research. In Table 1 a check signifies a posi-
tive contribution by the ATCSR function’s priority rule com-
ponent to the corresponding objective function criterion.

Varying the scaling parameters and therefore varying the
relative importance of the different terms in ATCSR could
lead to good multicriteria schedules. As mentioned before
the multicriteria complex job shop problem we consider in
this paper is strongly NP-hard. Even at the subproblem so-
lution procedure level, multicriteria problems are generally
strongly NP-hard. It is therefore difficult to make a com-
ment on how close the solutions generated by our technique
are to being Pareto optimal or non-dominated. However, it
can be easily shown that the solutions that will be picked
at the SSP level using the desirability function will be the
non-dominated amongst the schedules that are generated by

Table 1 Components of the ATCSR rule and the criteria they impact

WSPT Least slack Shortest setup Ready time

Makespan � �
CT � � �
TWT � � � �
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varying the scaling parameters of ATCSR. Using ATCSR in
this manner for multicriteria purposes is based on Balasub-
ramanian et al. (2006) that empirically explore the perfor-
mance of a composite dispatching rule similar to the ATCSR
for single machine bicriteria scheduling.

At the SSP level, the scaling parameters are varied us-
ing a grid search approach in order to generate a wide range
of schedules for subsequent consideration by the desirabil-
ity function for the three objectives of interest. We use five
different values for each scaling parameter and thus test 125
different combinations. Parameter k1 is incremented from
0.1 to 2.1 in steps of 0.4; k2 is incremented from 0.1 to 1.1
in steps of 0.2; and k3 is incremented from 0.001 to 0.011
in steps of 0.002. These values are chosen based on some
empirical pilot runs; the values also draw upon research by
Chen et al. (2007a), in which parameterization of the com-
posite dispatching rules is discussed at length.

Let l represent the total number of k1, k2, and k3 scal-
ing parameter combinations evaluated over the grid space
at the SSP level. Schedule i(i = 1 . . . l) is characterized by
its corresponding objective function values for the three per-
formance metrics of interest, Cmax(i),CT(i), and TWT(i).
Further, let Cmax(min)(Cmax(max)),CT(min)(CT(max)), and
TWT(min)(TWT(max)) denote the corresponding grid space’s
minimum (maximum) objective function values over all
l schedules evaluated at the SSP level. Let D(max) =
maxi=1..lD

(i), where D(i) denotes the combined desirabil-
ity of schedule i. We identify the schedule corresponding
to D(max) as S∗. Finally, let rCmax, rct, and rtwt signify the
desirability weights for makespan, cycle time, and TWT,
respectively.

Procedure SetGoals below determines the upper and goal
values for each objective of interest by generating l sched-
ules over the scaling parameter grid space for the toolgroup
currently under study in the SSP. Then, Procedure Find-
MostDesirable identifies the most desirable schedule within
the set of l generated schedules.

Procedure SetGoals
For i = 1 to l

Create schedule i using the i-th combination of
smoothing parameters k1, k2, and k3 on the
subproblem.

Record Cmax(i),CT(i), and TWT(i).
If α(i) < α(min) Then α(min) = α(i),

∀α ∈ {Cmax,CT,TWT}
If α(i) > α(max) Then α(max) = α(i),

∀α ∈ {Cmax,CT,TWT}
Next i

Goal value Gα = α(min), ∀α ∈ {Cmax,CT,TWT}
Upper value Uα = α(max), ∀α ∈ {Cmax,CT,TWT}
Procedure FindMostDesirable
D(max) = 0

For i = 1 to l

Calculate D(i) using (1) and (2)
If D(i) > D(max) Then

D(max) = D(i)

S∗ = i

End If
Next i

The upper (goal) limit is thus set to the worst (best) value
observed for each objective over the l different schedules
considered at the SSP level. Clearly, the upper and goal lim-
its could be fixed, pre-determined values, as knowledge of
a particular toolgroup and its performance may be known a
priori in a real world setting, thereby making it easier to de-
cide upon appropriate values for these variables. However,
in the more general framework that is proposed in this re-
search, it is intuitive to equate the worst result observed as
the upper limit for a given performance, and the best result
observed as the goal value.

Considering the fact that combined desirability is the
geometric mean of all component desirabilities, we mandate
that the schedule with the worst (highest) objective function
value over all l schedules will not result in a component de-
sirability of zero. Clearly, the schedule that performs worst
for one objective may not necessarily perform poorly for the
other objectives of interest. Alternatively, we assign a desir-
ability value of 0.0001. Letting any δi = 0 causes the com-
bined desirability of schedule iD(i) to equal 0, which dis-
qualifies schedule i for selection even when its performance
for other objectives may be quite good.

4.2 MCM level

At the MCM level, the critical toolgroup is identified and
then scheduled. One way of identifying the critical tool-
group is to determine each toolgroup’s contribution to the
overall complex job shop’s TWT (“MCM-TWT”). Another
technique suggested by Pinedo and Chao (1999) considers
the deviation of job completion times if machine i were
scheduled at the current iteration (“MCM-PC”):

n∑

k=1

wk(C
′′
k − C′

k) exp

(− (
dk − C′′

k

)+

K

)

. (4)

In (4), C′
k(C

′′
k ) denotes the completion time of the job k

before (after) machine i is scheduled and K is a scaling pa-
rameter. While the MCM-PC approach considers job com-
pletion time deviations, it does not lend itself easily to the
inclusion of multiple objectives using the desirability ap-
proach. In addition, the K value used can dramatically af-
fect which toolgroup is identified as critical at a given it-
eration, depending on the scheduler’s sensitivity to job due
date. Therefore, we consider only MCM-TWT as our base
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criticality measure and use the desirability approach to blend
objectives other than TWT into it.

Before the desirability function can be used at the MCM
level, the upper limits and goal values for each of the three
objectives of interest must be determined. We employ a pro-
cedure similar to the one used at the SSP level. The only dif-
ference is that at the MCM level, we are interested in iden-
tifying and scheduling the toolgroup with the least (lowest)
combined desirability value. Since the desirability value ag-
gregates three different criteria, a low desirability value for
a given toolgroup indicates that it is the most critical with
respect to all the criteria under consideration and therefore
should be scheduled first.

We consider two different approaches for identifying the
critical toolgroup at the MCM level. First, each toolgroup
schedule’s impact on the makespan, cycle time, and TWT of
the entire complex job shop is assessed when identifying the
critical toolgroup (“Global MCM”) by inserting the sched-
ule of the toolgroups into the disjunctive graph. Alterna-
tively, the critical toolgroup can be identified using only SSP
level performance metrics (“Local MCM”) (i.e., do not con-
sider the toolgroup’s impact on the rest of the complex job
shop). Our goal in the proposition of these two approaches
is to test whether a difference is noticeable in the global and
local approaches. In a practical setting, if the MSBH proce-
dure were to be used for scheduling, the computation time
for the Local MCM approach for large problem sizes would
be less that the time for the Global MCM approach. But intu-
itively, it would seem that the Global MCM approach would
reflect the critical machine more accurately, since it takes
into account conflicts between jobs in the entire wafer fab.
Regardless of which MCM approach is used, the end result
of this step of the MSBH is the scheduling of the critical
toolgroup via the insertion of arcs into the corresponding
problem’s disjunctive graph.

5 Testing and experimentation

Table 2 shows the different combination of approaches at the
SSP and MCM levels that we investigate in this paper. Ap-
proach 1 is the MSBH of Mason et al. (2002) that seeks to
minimize TWT. The other five approaches use some combi-
nation of desirability (“Des”) and TWT minimization. We
employ the naming convention “SSP-γ _MCM-ω” to de-
scribe an approach that uses γ ∈ {TWT, Des} at the SSP
level and ω ∈ {TWT, Des(Local), Des(Global)} at the MCM
level. For example, Approach 6 in Table 2 corresponds to
SSP-Des_MCM-Des(Global). We also compare the six ap-
proaches in Table 2 with the following pure dispatching-
based approaches: Critical Ratio (CR), Earliest Due Date
(EDD), and First In First Out (FIFO).

Table 2 Different approaches

No. SSP level MCM level

1 Only TWT Only TWT

2 Only TWT Desirability (Local MCM)

3 Only TWT Desirability (Global MCM)

4 Desirability Only TWT

5 Desirability Desirability (Simple MCM)

6 Desirability Desirability (Global MCM)

Fig. 2 The Minifab model (El Adl et al. 1996; Mason et al. 2002)

5.1 Experimental testbed

We examine two different complex job shop models in our
experimental testbed. The first model, the “Minifab” model
of El Adl et al. (1996), is perhaps the most succinct repre-
sentation of a wafer fab in the open literature. The Minifab
consists of three toolgroups and two job types that require
reentrant flow during their processing (Fig. 2). Toolgroup 1
consists of two batch-processing machines with maximum
batch size of three jobs, operating in parallel (e.g., a dif-
fusion oven). Toolgroup 2 consists of two identical serial
processing machines operating in parallel (e.g., a photolitho-
graphy stepper), while Toolgroup 3 consists of a single ma-
chine characterized by sequence-dependent setups (e.g., an
ion implanter).

We first consider 20-job static instances of the Mini-
fab wherein rj = 0 ∀j . There are two part types in this
model: 10 jobs of Part Type A and 10 jobs of Part Type
B. The weights (priorities) of the jobs, regardless of part
type, are generated using a discrete uniform distribution
wj ∼ DU[1,100]. The due date for job j is assigned us-
ing the notion of a flow factor fj used to represent some
multiple of job j ’s theoretical (raw) processing time RPTj :
dj = rj + fj RPTj , where rj = 0 in the Minifab instances.
In order to generate reasonable values for fj , we exam-
ine a single static instance using FIFO dispatching at all
toolgroups. From each job’s completion time Cj we esti-
mate fj = (Cj −rj )/RPTj . Let fmax = maxj fj and fmin =
minj fj . Since FIFO is independent of due-date and weight
settings, only one instance is necessary to obtain fmax and
fmin values. For our experiments involving the MSBH,
we generate each flow factor fj uniformly over the range
[fmin, fmin +fmax/2]. We generate 20 different instances of
the Minifab model, each with its own unique flow factor and
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job weight values, using common random numbers (Law
and Kelton 2000) across the scheduling approaches to better
discriminate between each approach. In our initial Minifab
experiments, we focus on optimizing Cmax and TWT, disre-
garding CT in an attempt to illustrate the difference between
each approach’s performance more clearly.

The second model we examine is based on Testbed
Dataset 1 of Fowler et al. (1995). The full dataset, which
contains 83 toolgroups, is reduced by Mason et al. (2005)
to an 11-toolgroup factory containing all bottleneck tool-
groups of the original dataset with purchase prices in excess
of $100,000 (“Modified Testbed Dataset 1”). Of the 11 tool-
groups in Modified Testbed Dataset 1 (MTD1), three con-
tain batch-processing machines, while two toolgroups are
characterized by sequence-dependent setups. Two products
types exist in MTD1: Product 1 and Product 2. Product 1
requires 73 processing steps while the second product in-
volves 97 steps. Twenty-five jobs of each product type are
considered, but unlike the Minifab model, rj ≥ 0 ∀j . As was
the case with the Minifab experiments, wj ∼ DU[1,100],
while fj ∼ U [1,1.3] for the MTD1 instances under study.
All three objectives of interest (Cmax, CT, and TWT) are in-
vestigated for the MTD1 experimental instances.

5.2 Desirability function weights

Previously, we discussed the procedure for setting the upper
and goal limits for the three different objectives at the MCM
and SSP levels. However, we still must determine how de-
sirability weights zα will be set for α ∈ (Cmax,CT,TWT).
Since the three weights are blended together into a single
objective function, their ratios relative to each other are im-
portant. Experimentation with these weights involves testing
the weight values between zero and one, subject to the con-
straint that

∑
α zα = 1 (Myers and Montgomery 1995 and

Dabbas et al. 2003), i.e., this is a mixture experiment. Ta-
ble 3 describes the desirability weight settings used in our
experimentation. Note that the first combination of weights
in both the 2-criteria (part a) and 3-criteria (part b) optimiza-
tion cases represents the typical TWT optimization associ-
ated with the MSBH of Mason et al. (2002). These weight
setting combinations are obtained from an augmented sim-
plex centroid design of either 2 or 3 variables in a mixture
experiment (Myers and Montgomery 1995).

In the presentation of our results for the two models,
we assume initially that the decision maker has placed
equal emphasis on all the objectives being considered (i.e.,
zCmax = zct = ztwt = 0.333). However, as the desirability
function used to choose either the schedule at the SSP level
or the critical toolgroup at the MCM level is a just a heuristic
procedure, it is necessary to test a number of possible com-
binations of weights to get a “good” final solution. If we
perform an exhaustive search using all desirability weight

Table 3 Desirability weight settings

Cmax TWT

1 0

0 1

0.5 0.5

0.67 0.33

0.33 0.67

0.83 0.17

0.17 0.83

(a) 2-criteria weights

Cmax CT TWT

1 0 0

0 1 0

0 0 1

0.5 0.5 0

0.5 0 0.5

0 0.5 0.5

0.33 0.33 0.33

0.67 0.17 0.17

0.17 0.67 0.17

0.17 0.17 0.67

(b) 3-criteria weights

Fig. 3 Structure of the simulation and testing environment (Rose et al.
2002)

combinations, the MSBH must be run each time a combina-
tion of weights is tested at the SSP or MCM levels. While
the computational effort associated with running the MSBH
for the Minifab model is insignificant, it is extremely high
for the MTD1 model that contains 50 jobs and more than
70 processing steps for each product type.

To counter this problem, we use the simulation environ-
ment developed by Rose et al. (2002). The structure of the
environment is shown in Fig. 3. The main purpose of the
simulation environment is to emulate the behavior of a real
wafer fabrication facility under different schedules provided
by the Shifting Bottleneck heuristic. The environment al-
lows for jobs arriving continuously over time in a wafer
fab and the MSBH develops schedules for pre-defined time
intervals. In essence this method is similar to that used by
Singer (2001), which decomposes large job shops instances
into smaller instances that fit in time windows and applies
the Shifting Bottleneck procedure independently each time
window. In the MTD1 instances considered in this paper
(where the number of jobs to be scheduled is fixed) we
use the Rose et al. (2002) environment as a temporal de-
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composition to reduce computational effort. The MSBH is
used to schedule the complex job shop every four hours un-
til all jobs have completed their processing. Only the un-
completed processing steps of both ready and in-process
jobs are considered for scheduling during this time horizon.
This rolling horizon-based decomposition procedure consid-
erably reduces the computational effort involved with invok-
ing the MSBH.

6 Experimental results

6.1 Bicriteria optimization for minifab model

For each of the 20 experimental instances, we use the
seven different combinations of desirability weights in Ta-
ble 3(a) at both the SSP and MCM levels. For the Mini-
fab model, pilot runs suggested that SSP-TWT_MCM-
Des (Global), SSP_TWT-MCM-Des (Simple), and SSP-
TWT_MCM-TWT produced the same results over all 20
instances (i.e., the sequence in which the toolgroups were
scheduled in the MSBH was the same for all three ap-
proaches). This is not surprising, as the Minifab contains
only three toolgroups. Toolgroup 3, which contains only
one machine and is subject to sequence-dependent setups
(Fig. 2) is always determined to be the most critical tool-
group, followed by toolgroup 1 (the batch-processing tool-
group), then toolgroup 2. Thus, the impact of using desir-
ability at the MCM level is not significant for the Minifab
model. The MTD1 model with its 11 toolgroups provides
greater potential for measuring the impact of desirability at
the MCM level.

However, using desirability at the SSP level produced
significantly different results for the Minifab model in-
stances. As the SSP-level results are independent of the ap-
proach used at the MCM level, the approaches to be com-
pared reduce to SSP-TWT and SSP-Des. The former rep-
resents the first combination in Table 3(a), while the latter
represents the “best” of the remaining six combinations of
desirability weights. To determine the best combination, we
use the desirability function again, but now externally when
the complex job shop has been fully scheduled and all ob-
jective functions have been realized.

Let TWT(best) denote the best (i.e., lowest) value of
TWT obtained from using the following three dispatch-
ing rules: CR, EDD, and FIFO. As these dispatching
rules are expected to perform poorly for TWT as they
do not explicitly consider job due dates and/or weights,
we use TWT(best) as our upper bound on TWT. There-
fore, let GCmax = Cmax(min),Gtwt = TWT(min),UCmax =
Cmax(max), and Utwt = TWT(best). At the final output level
we assume initially that the decision maker places equal
emphasis on both objectives (zCmax = ztwt = 0.5). Table 4

Fig. 4 Solutions in the objective space (I) for instance 1 of the Minifab
model. Numbers adjacent to each point indicate the weight of total
weighted tardiness criterion

shows the combined, Cmax, and TWT desirabilities for
each of the 20 Minifab model instances for three differ-
ent scheduling approaches (SSP-TWT, SSP-Des (with the
combination of weights being chosen via pilot runs as de-
scribed above), and SSP-Des* (the schedule generated using
zCmax = ztwt = 0.5)) and the three competing dispatching
rules (CR, EDD, and FIFO). The bold number in each row
is the best desirability value of the corresponding instance.

It is clear that while SSP-TWT is superior in terms of
TWT performance, its Cmax desirability is very poor when
compared to CR and SSP-Des. Therefore, its combined de-
sirability is not good. CR and FIFO have high Cmax desir-
ability, but their respective TWT desirabilities over all 20
instances are poor. SSP-Des performs reasonably well for
both objectives, and therefore has the best combined de-
sirability for the 20 Minifab problem instances. SSP-TWT
shares the best desirability with SSP-Des in only one of
the 20 instances, instance 17. A comparison between SSP-
Des and SSP-Des* reveals that SSP-Des has a desirability
roughly 9% better than SSP-Des*. Further, the former per-
forms more consistently than the latter (see standard devi-
ation results). However, SSP-Des is computationally more
expensive due to the exhaustive desirability weight search.
Therefore, if a quick solution that is “good” in both objec-
tives is desired, SSP-Des* should be used for Minifab prob-
lem instances.

Figures 4 and 5 show objective space plots of total
weighted tardiness and makespan for two experimental
MiniFab instances. All solution points that have been la-
beled by a fraction between 0 and 1 are those obtained by
using the different weight combinations at the SSP level
listed in Table 4. The fraction indicates the weight of to-
tal weighted tardiness used in the desirability function. The
weight of makespan, of course, is the difference between
1 and the weight of total weighted tardiness. In Fig. 4 it is
possible to see the tradeoff between total weighted tardi-
ness and makespan: while the SSP-TWT solution produces
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Table 5 Minifab model:
performance of the approaches
for a range of decision-maker’s
priorities

(Cmax,TWT) SSP-Des SSP-TWT CR EDD FIFO SSP-DM*

(0,1) 7 13 0 0 0 13

(1,0) 17 0 3 0 0 15

(0.5,0.5) 19 1 0 0 0 18

(0.83,0.17) 18 2 0 0 0 14

(0.17,0.83) 20 0 0 0 0 20

(0.67,0.33) 20 0 0 0 0 16

(0.33,0.67) 18 2 0 0 0 14

avg. 17 2.57 0.43 0 0 15.71

Fig. 5 Solutions in the objective space (II) for instance 4 of the Mini-
fab model. Numbers adjacent to each point indicate the weight of total
weighted tardiness criterion

the best total weighted tardiness, its makespan value is not
very good. The solutions generated by the different weight
combinations generate a variety of solutions, which produce
slightly worse total weighted tardiness values (but still sig-
nificantly better than CR or EDD solutions; FIFO results
are not shown as they are really poor) but improve on the
makespan. Figure 5 shows a graph where the using the de-
sirability approach generates a solution better in both to-
tal weighted tardiness and makespan than SSP-TWT. These
two different instances shown in Figs. 4 and 5 roughly clas-
sify the nature of solutions for all 20 of the instances: either
a trade-off exists between the two objective values or SSP-
Des generates a solution better in both objective values.

The results for combined desirability in Table 4 as-
sume that both performance measures are equally important.
However, decision makers often have differing priorities for
each objective. To consider this reality, we record the num-
ber of times the most desirable solution is generated by each
scheduling approach for a given a set of desirability weights
(Table 5). In Table 5, (a, b) signifies the decision maker
places a% priority on makespan and b = (1 − a)% priority
on TWT. It is clear that SSP-Des generates the most number
of desirable solutions for the 20 instances irrespective of the
decision-maker’s priorities except for the case of a = 0. In

this case, SSP-TWT produces the best solutions for 65% of
the instances, while SSP-Des produces the best solutions for
the remaining seven instances. For all other cases in which
a > 0, SSP-Des produces the best solutions for a minimum
of 85% of the Minifab problem instances. In addition we
use the notation SSP-DM* to represent the solution that uses
the same combination of desirability weights as that used by
the decision-maker, unlike the exhaustive search procedure
of SSP-Des. For the each of the decision-maker’s 7 weight
combinations considered, we count the number of times that
SSP-DM* produces a better solution than SSP-TWT, CR,
EDD, and FIFO. These results are shown in the last column
of Table 5. SSP-DM* produces a better solution than SSP-
TWT, CR, EDD, and FIFO in more than 80% of the twenty
cases. It was also observed that the desirability of the so-
lution generated by SSP-DM* (obtained from a single run
of the MSBH) for each of the decision-maker’s priorities is
very close to the desirability of the solution generated from
SSP-Des (obtained by exhaustive search).

6.2 3-criteria optimization for MTD1 model

The MTD1 model with 11 toolgroups provides an oppor-
tunity to test both the MCM approaches proposed in this
paper and the approaches where desirability optimization at
the MCM level is used in conjunction with desirability op-
timization at the SSP level. For setting the upper and goal
limits for the desirability calculations, we use the same tech-
niques employed for the Minifab model described above.
Initially, we again assume equal importance of all three
objectives. For SSP-TWT_MCM-Des (Global) and SSP-
TWT_MCM-Des (Local), we test the nine of the 10 different
combinations of weights in Table 3(b), as the first combina-
tion is again excluded as it represents the SSP-TWT_MCM-
TWT case. Our goal in this testing is to identify the com-
bination of γ (approach at the SSP level) and ω (approach
at the MCM level) that produce the most desirable results.
Similarly, nine different desirability weight combinations
are tested for SSP-Des_MCM-TWT to identify the most de-
sirable schedules.
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Clearly, the three approaches mentioned above are com-
putationally intensive considering the exhaustive desirabil-
ity weight search. Therefore, we also check the perfor-
mance of these approaches when only one combination of
weights (i.e., equal importance to all objectives) is used
at the SSP and MCM levels. These cases are denoted
by SSP-TWT_MCM-Des (Global)*, SSP-TWT_MCM-Des
(Local)*, and SSP-Des_MCM-TWT*. For SSP-Des_MCM-
Des (Global) and SSP-Des_MCM-Des (Local) desirability
optimization is used at both levels. Ideally, therefore, an ex-
haustive search would mean 100 (10 × 10) runs would be
required before all weight combinations can be explored.
Even a set of 5 desirability combinations at each level would
require 25 runs for each instance before the best can be cho-
sen. Since the number of runs is prohibitive, for these two
approaches, at both SSP and MCM levels we use the com-
bination (0.333,0.333,0.333). This combination of equal
weight importances is also motivated by our initial pilot run
comparisons in which we assume equal emphasis is placed
on all objectives.

Table 6 shows both the average and standard deviation
of the combined desirability values of each approach while
Tables 7, 8, and 9 show the individual desirability values
of makespan, cycle time, and total weighted tardiness, re-
spectively, for each of the 20 instances of the MTD1 model,
assuming that all objectives have equal importance to the
decision maker (i.e., zCmax = zct = ztwt = 0.333). It is clear
that SSP-Des_MCM-TWT, SSP-Des_MCM-TWT*, SSP-
Des_MCM-Des (Global), and SSP-Des_MCM-Des (Local)
perform well for all three measures. In fact, the TWT-
desirability of SSP-TWT_MCM-TWT, though much better
than that of CR on average, is still significantly lower than
the approaches that use desirability at the SSP level. The re-
sults for combined desirability follow a similar pattern: SSP-
Des_MCM-TWT has the highest mean combined desirabil-
ity, closely followed by SSP-Des_MCM-Des (Global) and
SSP-Des_MCM-Des (Local). Further, all three approaches
have low standard deviations, an indication of their consis-
tency. The approaches that use desirability optimization only
at the MCM level perform well in one or two instances, but
fall short in their combined mean desirabilities. Therefore,
using desirability merely to choose a critical machine does
not appear to be effective consistently unless the schedule
implemented at the SSP level is also chosen using a desir-
ability approach.

It is also clear from Table 6 that SSP-TWT_MCM-
Des (Global)*, SSP-TWT_MCM-Des (Local)*, and SSP-
Des_MCM-TWT* have solution qualities close to their
computationally intensive counterparts (i.e., SSP-
TWT_MCM-Des (Global), SSP-TWT_MCM-Des (Local),
and SSP-Des_MCM-TWT). It is particularly encouraging
to notice the performance of SSP-Des_MCM-TWT*, SSP-
Des_MCM-Des (Global), and SSP-Des_MCM-Des (Local),

as their solutions are generated by a single MSBH run re-
quiring 25 minutes on a 2.0 GHz Pentium IV computer with
1 GB of RAM. On average, these three “single pass” ap-
proaches’ desirabilities are within 6% of the desirability of
SSP-Des_MCM-TWT, which requires 225 minutes to gen-
erate the best solution for a single problem instance.

Table 10 compares the performance of SSP-TWT_MCM-
TWT (i.e., the original MSBH of Mason et al. 2002) with
the approach that produced D(max) for each of the 20 MTD1
problem instances via a performance ratio. For each problem
instance, objective α ∈ (Cmax,CT,TWT) resulting from the
approach that produced D(max) is divided by the correspond-
ing objective of the SSP-TWT_MCM-TWT approach for
the same problem instance. This performance ratio allows
us to analyze the quality of the most desirable schedule in
terms of percentage gain/loss with respect to each objective
α. Surprisingly, the average gain in TWT over the TWT-
based MSBH is 28%. Further, the average gain in Cmax per-
formance is 4–5%, while cycle time is decreased by 2%
on average using a desirability-based approach. Therefore,
in the case of the MTD1 model, the desirability-based ap-
proaches generated schedules superior in all three objectives
as compared to the MSBH. Although the gains in Cmax and
cycle time are relatively small, these small gains have con-
tributed significantly to the large gains in TWT performance
since these measures are not independent of each other.

Table 11 displays the performance of the desirability ap-
proaches for the MTD1 model when the decision maker may
or may not place equal importance on each objective. In or-
der to evaluate the performance of each approach for dif-
ferent priorities weightings, we count the number of times
the best solution is produced by each approach for a given
set of priorities. Table 11 shows 10 possible combinations of
decision maker priorities (a, b, c) and the number of times
that each approach produces the best solution for a given
(a, b, c) weighting scheme. Under this weighting scheme,
the decision maker places a% weight on Cmax, b% weight
on cycle time, and c = (1−a−b)% weight on TWT. Experi-
mental results suggest that SSP-Des_MCM-TWT is the rule
that performs well most often for a wide range of decision
maker priorities, followed by SSP-Des_MCM-Des (Local)
and SSP-Des_MCM-Des (Global). Additionally, it was also
observed, just as in the Minifab cases, that for all approaches
that use desirability at the SSP level, if only the correspond-
ing decision-maker’s weights were used (therefore requiring
only 1 run of the MSBH), the desirability of the solutions
were close in most cases to the desirability of the solutions
generated by SSP-Des (which requires exhaustive search).
Therefore, the clear conclusion from these experimental re-
sults is that it is important to implement schedules at the
toolgroup level that take into account multiple criteria.
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7 Model parameters

Our model and solution approach assume information on the
due-dates and weights of the jobs. It also requires specifying
the scaling parameters for the ATCSR heuristic at the SSP

Table 10 MTD model: Comparison of SSP-TWT_MCM-TWT with
the best of the desirability approaches

Instance Ratios

MkSp CT TWT

1 0.9703 0.9964 0.7904

2 0.9930 0.9940 0.9206

3 0.9525 0.9988 0.8689

4 0.9584 0.9884 0.8761

5 0.9543 0.9714 0.5509

6 0.9556 0.9844 0.7510

7 0.9474 0.9665 0.5322

8 0.9500 0.9739 0.6144

9 0.9594 0.9792 0.7803

10 0.9664 0.9851 0.7687

11 0.9616 0.9696 0.6352

12 0.9673 0.9791 0.6614

13 0.9747 0.9664 0.6452

14 0.9908 0.9740 0.6845

15 0.9786 0.9820 0.7230

16 0.9820 0.9939 0.8918

17 0.9569 0.9785 0.7453

18 0.9627 0.9735 0.7450

19 0.9579 0.9811 0.7547

20 0.9368 0.9687 0.6040

Ave 0.9638 0.9802 0.7272

Std. Dev 0.0144 0.0101 0.1114

level and desirability weights that need to be used at both
SSP and MCM levels. In this section, we discuss the setting
of these parameters.

7.1 Job due-dates and weights

The due-dates could be vendor’s promises or the customer’s
requirements; in either case, these due-dates can be used in
our model. Companies also have customers that are more
important than others, and this information can be used to
set weights for the products such that they reflect the relative
importance of a product to another.

7.2 Desirability weights

It is important to make a distinction between the weights the
decision maker chooses to assign to each criterion and the
weights that are assigned at the SSP level or MCM level.
We refer to Sect. 5.2 for a description of how these sets of
weights are identified. While it is intuitive to set the desir-
ability weights at the SSP and MCM level to be equal to
the decision maker’s desirability weights, for better solu-
tions a more exhaustive search for desirability weight com-
binations may be required at the SSP and MCM levels. Pro-
vided that there is a simulation model of the fab, it would
be reasonable to state that this process would take 1–3 days
of computing time and analysis. We expect that the results
would have to be reassessed and the experimentation car-
ried out again when there are changes in fab with respect to
technology, processes, and product mix.

7.3 Scaling parameters for ATCSR

At the SSP level, we use a grid approach to set the scal-
ing parameters. The scaling parameters are dependent on

Table 11 MTD model: Performance of the approaches for a range of decision-maker’s priorities, indicated weights are (Cmax,CT,TWT)

(Cmax,CT,TWT) SSP-TWT SSP-Des SSP-TWT SSP-TWT SSP-Des SSP-Des CR EDD FIFO

MCM-TWT MCM-TWT MCM-Des(G) MCM-Des(L) MCM-Des(G) MCM-Des(L)

(0,0,1) 0 7 1 2 6 4 0 0 0

(0,1,0) 0 7 0 0 4 8 1 0 0

(1,0,0) 0 12 1 2 3 2 0 0 0

(0,0.5,0.5) 0 8 0 1 5 6 0 0 0

(0.5,0,0.5) 0 8 1 2 6 3 0 0 0

(0.5,0.5,0) 0 9 0 1 4 5 1 0 0

(0.33,0.33,0.33) 0 7 0 2 5 6 0 0 0

(0.17,0.17,0.66) 0 6 1 2 8 3 0 0 0

(0.17,0.66,0.17) 0 8 0 1 5 6 0 0 0

(0.66,0.17,0.17) 0 8 0 2 8 2 0 0 0

Average 0 8 0.4 1.5 5.4 4.5 0.2 0 0



46 J Sched (2008) 11: 29–47

the characteristics of the scheduling instance such as due-
date tightness, weights, release date range, and setup sever-
ity factor. Several different approaches can be used to set
these parameters. Lee and Pinedo (1997) use curve-fitting
methods to set the scaling parameters for a similar compos-
ite dispatching rule; they present expressions for the scal-
ing parameters in terms of the characteristics of the problem
instance. More recently, regression based approaches have
been used to set the parameters. Gadkari et al. (2007) present
a regression model to determine the values of the scaling pa-
rameters. Chen et al. (2007a) improve upon this approach to
reduce significantly the number of experiments needed for
data collection. Finally, Chen et al. (2007b) present an effi-
cient approach to determine the robust scaling parameters—
i.e., the parameters that work for well for all scheduling in-
stances. Such techniques can help find the ranges for the
scaling parameters for our problem.

Formulas and values suggested in aforementioned papers
could be used directly, or the analyst could redo the exper-
imentation proposed in them. As with desirability weights,
this will be part of a pilot study using a fab simulation model
and historical data. The computational effort should be less
than one day, given that the composite dispatching rule can
be easily implemented and computes schedules quickly. As
before, a periodic reassessment of these parameters is war-
ranted with changes in the wafer fab with respect to technol-
ogy, processes, and product mix.

8 Conclusions and future research

Semiconductor wafer fabrication is a complex process typi-
cally requiring hundreds of steps with unique features such
as re-entrant flows, batch machines, and sequence depen-
dent setups. These features can be modeled as a complex job
shop. The MSBH heuristic of Mason et al. (2002) considers
the minimization of TWT in a complex job shop. We build
on this and propose a methodology for multicriteria opti-
mization using the desirability function. Given the strongly
NP-hard nature of this multicriteria problem, our approach
provides a computationally feasible way of accommodating
multiple criteria.

We use the desirability approach at two different lev-
els of the MSBH, the SSP level and the MCM level, and
propose five new approaches for scheduling complex job
shops. Using two representative complex job shop models
from the literature, we compare our approaches to the origi-
nal MSBH (approach “SSP-TWT_MCM-TWT”) as well as
three dispatching rules. Twenty problem instances were gen-
erated and analyzed for each of the two representative com-
plex job shop models (20-job instances of the Minifab and
50-job instances of MTD1). External to the MSBH, we use
the desirability function to compare the schedules generated

by the different competing approaches. Experimental results
show that when equal emphasis is placed on all three objec-
tives, the desirability approach performs significantly better
than both the MSBH and dispatching rules. While a tradeoff
between Cmax and TWT was observed in the Minifab ex-
periments, the desirability approaches performed the best in
all three objectives in the MTD1 experiments. An important
conclusion from our experimentation is that the use of a de-
sirability approach at the SSP level consistently produces
superior results. We are available by email (see correspond-
ing author’s contact information) to answer any questions
that readers may have regarding the algorithms in this paper
as well as the experimental results.

In the future, we plan to explore the use of the desirabil-
ity approach to approximately generate the efficient frontier
for the complex job shop environment, as this information
could prove quite useful to decision makers to help to under-
stand the inherent trade-off between competing objectives.
Further, we will extend the approaches proposed in this pa-
per to the practical case wherein dynamic job arrivals are
present.
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