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Abstract. This paper presents an optimized-rule-fusion and certain-rule-first approach
to improve the performance of scheduling jobs in a wafer fabrication factory. As a nonlin-
ear fusion of four traditional dispatching rules, the new rule is aimed at the simultaneous
optimization of the average cycle time, cycle time standard deviation, the maximum late-
ness, and the number of tardy job at the same time, which has rarely been discussed in
the past. In addition, we show that there is a contradiction among the four objectives,
and establish a certain-rule-first procedure to resolve the contradiction. A more effective
fuzzy-neural approach is also applied to estimate the remaining cycle time of a job. Fi-
nally, the values of the adjustable parameters in the nonlinear fusion are optimized using
response surface method (RSM) instead of being chosen subjectively as in the previous
studies. Some theoretical properties of the new rules are also proven. To assess the effec-
tiveness of the proposed methodology, production simulation is also applied in this study.
According to the results of a simulation study, the proposed methodology is better than
several existing approaches in improving the four objectives at the same time.
Keywords: Wafer fabrication, Nonlinear fusion, Response surface method, Multi-objec-
tive scheduling, Fuzzy, Neural

1. Introduction. The production equipment required by a wafer fabrication factory is
very expensive, and must be fully utilized. For this purpose, to ensure that the capacity
does not substantially exceed the demand is a perquisite. Subsequently, how to plan the
use of the existing capacity to shorten the cycle time, and maximize the turnover rate is
an important goal. In this regard, scheduling is undoubtedly a very useful tool.

The scheduling of a wafer fabrication factory usually requires the consideration of many
viewpoints. To shorten the cycle time is one, and to meet the due date is another. Both
views are equally important because to strengthen the relationship with our customers,
delivery to the customer as soon as possible and strictly commit to the promise are
two requirements, which corresponds to different objectives in job scheduling that need
to be optimized at the same time. However, some objectives are contradictory to each
other, making their simultaneous optimization a challenging task. This study is dedicated
to the investigation of this issue, which also constitutes the motives for the proposed
methodology.

First, shortening the cycle time has many implications, corresponding to the so-called
regular measures in the scheduling theorem. Common regular measure includes the maxi-
mum completion time (makespan) Cmax, the sum of the completion times ΣCj, and others.
On-time delivery is another area of concern. Missing the deadline not only incurs a fine,
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but also increases the possibility of losing customers. Typical measures in this field in-
clude the maximum lateness Lmax, the mean lateness L̄, the number of tardy job NT , and
others.
Although there has been a consensus for the importance of multi-objective schedul-

ing, the research in this area is still inadequate, especially for large complex production
systems. In the literature, most previous studies addressed multi-objective scheduling
problems by combining the basic scheduling rules. Each of these rules is optimal for
a single target. Loukil et al. [1] mentioned the five ways to deal with multi-objective
scheduling:

(1) Simultaneous (or Pareto) approach: Their combination should be formed in such a
way that ensures the performances along different dimensions are Pareto optimal. For
minimization problems with K objective functions, if the value of objective function
fk can only be decreased by increasing the value of some other objective function fj,
k 6= j, j, k ∈ {1, . . .,M}, then all feasible solutions that fulfill this property are called
Pareto optimal solutions.

(2) Utility (or compromise) approach: To simplify the finding of the best solution, the
linear or nonlinear combination of the objectives can be optimized instead, the so-
called compromise solution.

(3) Goal programming (or satisfying) approach: Some objectives are formulated as con-
straints, for which the satisfaction levels are defined.

(4) Hierarchical approach: Objectives are not optimized at the same time but sequentially.
(5) Interactive approach: A number of steps are required, and the decision maker ex-

presses his/her preferences to the solution proposed at each step to evolve it to the
most acceptable one.

Grimme and Lepping [2] considered bi-objective single-machine scheduling problems.
They mentioned that there are two ways to solve multi-objective scheduling problems –
problem-specific approaches [3] and black-box optimizers like randomized search or evo-
lutionary algorithms. van Wassenhoven and Gelder [4] proposed an efficient algorithm
for the 1||ΣCj, Lmax problem, where ΣCj and Lmax means the total completion time
and maximum lateness, respectively. In order to optimize the total completion time and
makespan on m identical machines, i.e., the Pm||ΣCj, Cmax problem, Stein and Wein [5]
proposed a general algorithmic framework. In these methods, some operations such as
truncation and composition are applied to merge schedules that are optimal for different
goals, assuming that after the merger the new schedule is still satisfactory for the goals.
Cochran et al. [6] proposed a multi-population genetic algorithm to solve two-objective
(makespan and total weighted tardiness) scheduling problems for parallel machines. Sim-
ilar to a compromise solution, the multiplication of the relative measure of each objective
was optimized. Loukil et al. [1] proposed a multi-objective simulated annealing to solve
multiple-objective scheduling problems for one machine, parallel machines, and permu-
tation flow shops. Most cases contained at most two objectives, and the only case with
three objectives was on a single machine.
On the other hand, a detailed review of the application of evolutionary algorithms in

multi-objective scheduling can be found in Deb [7] and Coello et al. [8]. Most studies
used genetic algorithms (GAs) to evolve some good schedules to approach the optimal
schedule.
Multi-objective scheduling in a wafer fabrication factory is difficult because of several

reasons:
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(1) A wafer fabrication factory is a very complex manufacturing system featured by chang-
ing demand, a variety of product types and priorities, un-balanced capacity, job reen-
try into machines, alternative machines with unequal capacity, sequence dependent
setup times, and shifting bottlenecks, so that job dispatching in a wafer fabrication
factory becomes a very difficult task.

(2) For such a complex production system, it is even difficult to find a heuristic to optimize
a single objective [3,9,10].

(3) A naive aggregation of single-objective heuristic does not necessarily yield feasible
non-dominated solutions [2].

(4) Considering the weighted sum of the objectives often leads to unsatisfactory results.

A few studies applied the response surface method (RSM) and the desirability function
to handle multiple-factor and multiple-objective optimization in scheduling [11]. However,
the commonly used second-order multiple-factor regression may not be accurate enough.
The desirability function is a very subjective approach. In the final, most dispatching
rules are focused on a single performance measure. In fact, minimizing any performance
measure in such a complex job shop is a strongly NP-hard problem. However, optimizing
multiple performance measures at the same time is still being pursued. Taking into
account two performance measures (average cycle time and cycle time variation) at the
same time, Chen [3] proposed a bi-criteria nonlinear fluctuation smoothing rule that also
has an adjustable factor (1f-biNFS). To increase the flexibility of customization, Chen et
al. [12] extended the above rules, and proposed the bi-criteria fluctuation smoothing rule
with four adjustable factors (4f-biNFS). However, the adjustment factors in these rules
are static. In other words, they will not change over time. Chen [9] therefore designed a
mechanism to dynamically adjust the values of the factors in Chen and Wang’s bi-criteria
nonlinear fluctuation smoothing rule (dynamic 1f-biNFS). However, the adjustment of the
factors is based on a pre-defined rule. This process is too subjective, and does not also take
into account the status of the wafer fabrication factory. In addition, these rules have not
been optimized, so there is considerable room for improvement. A few studies applied the
response surface method (RSM) and the desirability function to handle multiple-factor and
multiple-objective optimization in scheduling [11]. However, the commonly used second-
order multiple-factor regression may not be accurate enough. The desirability function is
a very subjective approach. In the final, most dispatching rules are focused on a single
performance measure. In fact, minimizing any performance measure in such a complex job
shop is a strongly NP-hard problem. However, optimizing multiple performance measures
at the same time is still being pursued. Taking into account two performance measures
(average cycle time and cycle time variation) at the same time, Chen [3] proposed a bi-
criteria nonlinear fluctuation smoothing rule that also has an adjustable factor (1f-biNFS).
To increase the flexibility of customization, Chen et al. [12] extended the above rules,
and proposed the bi-criteria fluctuation smoothing rule with four adjustable factors (4f-
biNFS). However, the adjustment factors in these rules are static. In other words, they
will not change over time. Chen [9] therefore designed a mechanism to dynamically adjust
the values of the factors in Chen and Wang’s bi-criteria nonlinear fluctuation smoothing
rule (dynamic 1f-biNFS). However, the adjustment of the factors is based on a pre-defined
rule. This process is too subjective, and does not also take into account the status of the
wafer fabrication factory. In addition, these rules have not been optimized, so there is
considerable room for improvement.

A rule-fusion and certain-rule-first procedure is established in this study for multi-
objective job scheduling in a wafer fabrication factory. The unique features of the proposed
methodology include:
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(1) Four performance measures – the average cycle time, cycle time standard deviation,
the maximum lateness, and the number of tardy jobs, are optimized at the same time.
As far as we know, the existing dispatching rules in this field were not designed for
this purpose. Most of them considered at most two objectives, or only evaluated the
performance of the rules along multiple dimensions for simple systems, let alone for
such a complex manufacturing system.

(2) We propose a more effective fuzzy-neural approach to estimate the remaining cycle
time of a job. The fuzzy-neural approach is based on the fuzzy c-means and back
propagation network (FCM-BPN) approach [13,14]. According to Chen and Wang
[10], with more accurate remaining cycle time estimation, the scheduling performance
of a fluctuation smoothing rule can be significantly improved. In the original study,
Chen and Wang used a gradient search algorithm for training the BPN, which is time-
consuming and not very accurate. In this study, we use the Levenberg-Marquardt
algorithm to achieve the same purpose, which is more efficient than that in Chen and
Wang’s study, and can produce more accurate forecasts.

(3) The new rule is formed by fusing four traditional dispatching rules – the fluctuation
smoothing rule for mean cycle time (FSMCT), the fluctuation smoothing rule for cycle
time variation (FSVCT), the earliest due date (EDD) rule, and the critical ratio (CR)
rule, in a nonlinear way. The combination of so many rules has not been attempted
in the literature, because there is in fact a contradiction between them. Nevertheless,
such a treatment has two advantages [9,10]. First, the effects of the parameters in the
rule can be balanced better. Second, the new rule is more responsive to the changes
in the parameters.

(4) We also show that in theory there is a contradiction between {FSMCT, FSVCT} and
{EDD, CR}. To resolve the contradiction, a certain-rule-first procedure is established.
The philosophy behind the certain-rule-first procedure is to retain the ranks of jobs
with the highest or lowest priorities in the original rules.

(5) The content of the new dispatching rule can be tailored for a specific wafer fabrication
factory with five adjustable factors. In the similar methods that have recently been
proposed, the values of the adjustable parameters were determined in a subjective
way. For example, Chen et al. [12] proposed three models, the linear, nonlinear, and
logarithmic models, to generate these values. Only nine combinations were chosen sub-
jectively, which could not guarantee the optimality of the scheduling performance. In
this study, we determine the optimal values of the parameters using four-dimensional
RSM, so as to optimize the scheduling performance. The new dispatching rule can
be localized. It can even be tailored to each machine in the wafer fabrication factory.
In the literature (e.g., [11]), most heuristics can only be tailored to two machines in a
wafer fabrication factory – one for bottlenecks and the other one for non-bottlenecks.

(6) We also discuss the properties of the new dispatching rule from a theoretical point of
view.

The differences between the proposed methodology and the previous methods are sum-
marized in Table 1. To assess the effectiveness of the proposed methodology, production
simulation is also applied in this study. The rest of this paper is organized as follows. Sec-
tion 2 is divided into two parts. In the first part, a more effective fuzzy-neural approach
is applied to estimate the remaining cycle time of a job. Subsequently, the rule-fusion and
certain-rule-first procedure for multi-objective job scheduling in a wafer fabrication fac-
tory is detailed. To assess the effectiveness of the proposed methodology, a simulated case
study is described in Section 3. According to the results of the analyses, some discussion
points are made. Finally, concluding remarks are made in Section 4.
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Table 1. The differences between the proposed methodology and the pre-
vious methods

2. Methodology. The variables and parameters that will be used in the rule-fusion and
certain-rule-first procedure are defined in the following:

(1) Rj: the release time of job j; j = 1 ∼ n.
(2) BQj: the total queue length before bottlenecks at Rj.
(3) CRju: the critical ratio of job j at step u.
(4) CTj: the cycle time of job j.
(5) CTEj: the estimated cycle time of job j.
(6) Dj: the average delay of the three most recently completed jobs at Rj.
(7) DDj: the due date of job j.
(8) FQj: the total queue length in the whole factory at Rj.
(9) Qj: the queue length on the processing route of job j at Rj.
(10) RCTEju: the estimated remaining cycle time of job j from step u.
(11) RPTju: the remaining processing time of job j from step u.
(12) SCTju: the step cycle time of job j until step u.
(13) SKju: the slack of job j at step u.
(14) Uj: the average factory utilization before job j is released. If the utilization of the

factory is reported on a daily basis, then Uj is the utilization of the day before job
j is released.

(15) WIPj: the factory work-in-progress (WIP) at Rj.
(16) λ: mean release rate.
(17) xp: inputs to the three-layer BPN, p = 1 ∼ 6.
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(18) hl: the output from hidden-layer node l, l = 1 ∼ L.
(19) wo

l : the connection weight between hidden-layer node l and the output node.
(20) wh

pl: the connection weight between input node p and hidden-layer node l, p = 1 ∼ 6;
l = 1 ∼ L.

(21) θhl : the threshold on hidden-layer node l.
(22) θo: the threshold on the output node.

The rule-fusion and certain-rule-first procedure includes the following eight steps:

(1) Normalize the collected data.
(2) Use FCM to classify jobs. The required inputs for this step are job attributes. To

determine the optimal number of categories, we use the S test. The output of this
step is the category of each job.

(3) Use the BPN approach to estimate the cycle time of each job. Jobs of different
categories will be sent to different three-layer BPNs. The inputs to the three-layer
BPN include the attributes of a job, while the output is the estimated cycle time of
the job.

(4) Derive the remaining cycle time of each job from the estimated cycle time.
(5) Form the new rule by fusing four traditional rules – EDD, CR, FSMCT, and FSVCT

in a nonlinear way.
(6) Incorporate the estimated remaining cycle time into the new rule.
(7) Propose the certain-rule-first policy.
(8) Determine the optimal values of the adjustable parameters using RSM.

2.1. The FCM approach. The remaining cycle time of a job being produced in a wafer
fabrication factory is the time still needed to complete the job. If the job is just released
into the wafer fabrication factory, then the remaining cycle time of the job is its cycle
time. The remaining cycle time is an important attribute (or performance measure) for
the WIP in the wafer fabrication factory. Why do we need to estimate the remaining cycle
time for each job? This is because the remaining cycle time is an important input for the
scheduling rule. Past studies (e.g., [3]) have shown that the accuracy of the remaining
cycle time forecasting can be improved by job classification. Soft computing methods
(e.g., [15]) have received much attention in this field.
In the intelligent approach, jobs are classified into K categories using FCM. Why is a

fuzzy clustering method such as FCM applied? If a crisp clustering method is applied,
then it is possible that some clusters will have very few examples. In contrast, an exam-
ple belongs to multiple clusters to different degrees in a fuzzy clustering method, which
provides a solution to this problem.
First, in order to facilitate the subsequent calculations and problem solving, all raw

data are normalized into [0.1 0.9] [16]:

N(x) = 0.1 +
x− xmin

xmax−xmin

· (0.9− 0.1) (1)

where N(x) is the normalized value of x; xmin and xmax are the minimum and maximum
of x, respectively. In this way, it is possible that the future value of x is greater than xmax

or less than xmin. The formula can be written as

x =
N(x)− 0.1

0.9− 0.1
· (xmax−xmin) + xmin (2)

if the un-normalized value is to be obtained instead. Then, we place the (normalized) at-
tributes of a job in vector x j = [xj1, xj2, xj3, xj4, xj5, xj6] = [N(Uj), N(Qj), N(BQj), N(F
Qj), N(WIPj), N(Dj)]. Although the job size is an important factor, we consider only
full-size jobs and therefore the job size becomes a constant.
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FCM classifies jobs by minimizing the following objective function:

Min
K∑
k=1

n∑
j=1

µm
j(k)e

2
j(k) (3)

where K is the required number of categories; n is the number of jobs; µj(k) indicates
the membership that job j belongs to category k; ej(k) measures the distance from job j
to the centroid of category k; m ∈ [1,∞) is a parameter to adjust the fuzziness, and is
usually set to 2. The procedure of FCM is as follows:

(1) Produce a preliminary clustering result.
(2) (Iterations) Calculate the centroid of each category as

x̄(k) = {x̄(k)p}; p = 1 ∼ 6 (4)

x̄(k)p =
n∑

j=1

µm
j(k)xjp

/ n∑
j=1

µm
j(k) (5)

µj(k) = 1/
K∑
q=1

(ej(k)/ej(q))
2/(m−1) (6)

ej(k) =

√∑
all p

(xjp − x̄(k)p)2 (7)

where x̄(k) is the centroid of category k. µ
(t)
j(k) is the membership that job i belongs to

category k after the t-th iteration.
(3) Re-measure the distance from each job to the centroid of each category, and then

recalculate the corresponding membership.
(4) Stop if the following condition is met. Otherwise, return to step (2):

max
k

max
j

∣∣∣µ(t)
j(k) − µ

(t−1)
j(k)

∣∣∣ < d (8)

where d is a real number representing the threshold for the convergence of membership.

Finally, the separate distance test (S test) proposed by Xie and Beni [17] can be applied
to determine the optimal number of categories K:

MinS (9)

subject to

Jm =
K∑
k=1

n∑
j=1

µm
j(k)e

2
j(k) (10)

e2min = min
k1 6=k2

(∑
all p

(x̄(k1)p − x̄(k2)p)
2

)
(11)

S =
Jm

n× e2min

(12)

K ∈ Z+ (13)

The K value minimizing S determines the optimal number of categories [18,19].
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2.2. The BPN approach. After clustering, a portion of the jobs in each category is
input as the ‘training examples’ to the three-layer BPN to determine the parameter values.
The configuration of the three-layer BPN is set up as follows. First, inputs are the six
parameters associated with the j-th example/job including Uj, Qj, BQj, FQj, WIPj,
and Dj. These parameters have to be normalized before feeding into the three-layer
BPN. Subsequently, there is only a single hidden layer with neurons that are twice that
in the input layer. Finally, the output from the three-layer BPN is the (normalized)
estimated cycle time (CTEj) of the example. The activation function used in each layer
is Sigmoid function,

f(x) = 1
/
(1 + e−x) (14)

The procedure for determining the parameter values is now described. Two phases
are involved at the training stage. At first, in the forward phase, inputs are multiplied
with weights, summated, and transferred to the hidden layer. Then activated signals are
outputted from the hidden layer as

hl =
1

1 + e−nh
l

(15)

where
nh
l = Ihl − θhl (16)

Ihl =
6∑

p=1

wh
pl · xjp (17)

hl’s are also transferred to the output layer with the same procedure. Finally, the output
of the BPN is generated as

oj =
1

1 + e−no (18)

where
no = Io − θo (19)

Io =
L∑
l=1

wo
l · hl (20)

Subsequently in the backward phase, some algorithms are applicable for training a BPN,
such as the gradient descent algorithms, the conjugate gradient algorithms, the Levenberg-
Marquardt algorithm, and others. In this study, the Levenberg-Marquardt algorithm is
applied. Finally, the three-layer BPN can be applied to estimate the cycle time of a job,
and then the remaining cycle time of the job can be derived as

RCTEju = CTEj − SCTju (21)

When a new job is released into the factory, the six parameters associated with the new
job are recorded. Then the new job is classified into a category, so that the three-layer
BPN of the category and Equation (21) can be applied to estimate the cycle time and
remaining cycle time of the new job, respectively.

2.3. The four-objective rule. In traditional fluctuation smoothing (FS) rules there
are two different formulation methods, depending on the scheduling purpose [20]. One
method is aimed at minimizing the mean cycle time with FSMCT:

SKju(FSMCT ) = j/λ−RCTEju (22)

The other method is aimed at minimizing the variance of cycle time with FSVCT:

SKju(FSV CT ) = Rj −RCTEju (23)
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Jobs with the smallest slack values will be given higher priority. These two rules and
their variants have been proven to be very effective in shortening the cycle time in wafer
fabrication factories [3,9,10,20].

On the other hand, the EDD rule is theoretically the optimal rule to minimize the
maximum lateness for simple production systems [21]. It is also the most commonly used
dispatching rule by make-to-order (MTO) wafer fabrication factories to achieve on-time
delivery. EDD gives higher priorities to jobs with the earliest due dates, so we can define
the slack value as:

SKju(EDD) = DDj (24)

If the due date is determined in an internal way, then Equation (24) can be re-written as

SKju(EDD) = Rj + CTEj + κ (25)

where κ is a constant allowance. Substituting Equation (21) into Equation (25), we get

SKju(EDD) = Rj +RCTEju + SCTju + κ (26)

Another policy that is considered to be conducive to the minimization of the number of
tardy job is the CR policy [22], in which the critical ratio of a job is defined as

CRju = (t−DDj)/RPTju (27)

So we can define the slack of a job as

SKju(CR) =
1

CRju

=
RPTju

t−DDj

=
RPTju

t−Rj − CTEj − κ

=
RPTju

t−Rj −RCTEju − SCTju − κ
=

RPTju

κ′ −Rj −RCTEju − SCTju

(28)

where κ′ = t − κ is a constant. If RCTEju is large, then SKju(EDD) and SKju(CR)
are high, but SKju(FSMCT ) and SKju(FSV CT ) are low, which means that the four
objectives are contradictory in nature.

Theorem 2.1. Using simple addition and subtraction operators to merge these rules will
result in the loss of information.

Proof: For example, if we use the addition operator to merge FSMCT and EDD:

SKju(FSMCT ) + SKju(EDD) =
j

λ
−RCTEju +Rj +RCTEju + SCTju + κ

=
j

λ
+Rj + SCTju + κ (29)

The information contained in RCTEju is lost. Similarly, the same problem occurs if we
combine FSMCT and FSVCT with the subtraction operator:

SKju(FSMCT )− SKju(FSV CT ) =
j

λ
−RCTEju −Rj +RCTEju =

j

λ
−Rj (30)

Theorem 2.1 implies that the multiplication or division operators may be more suitable
for combining these rules.

To solve these problems, the following steps are followed:

(1) Normalize all terms for the four rules. Its purpose is to balance the effects of the
parameters in the rules [3].

(2) Calculate SKju using the multiplication and division operators instead. According to
Chen [3], this treatment magnifies the difference in the slack value, which seems to
be a good way of improving the scheduling performance.

(3) Derive a general expression of the four types of SKju’s.
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First of all, the components in Equations (22), (23), (26), and (28) are normalized:

N(j/λ) =
j/λ− 1/λ

n/λ− 1/λ
=

j − 1

n− 1
(31)

N(RCTEju) =
RCTEju −min

j
RCTEju

max
j

RCTEju −min
j

RCTEju

(32)

N(Rj) =
Rj −min

j
Rj

max
j

Rj −min
j

Rj

(33)

N(SCTju) =
SCTju −min

j
SCTju

max
j

SCTju −min
j

SCTju

(34)

N(RPTju) =
RPTju −min

j
RPTju

max
j

RPTju −min
j

RPTju

(35)

where N() is the normalization function. Subsequently, multiplication and division are
used to replace the original addition and subtraction operators, respectively. After re-
placement, Equations (22) and (23) become

SKju(FSMCT ) =
j − 1

n− 1

/ RCTEju −min
j

RCTEju

max
j

RCTEju −min
j

RCTEju

(36)

SKju(FSV CT ) =
Rj −min

j
Rj

max
j

Rj −min
j

Rj

/ RCTEju −min
j

RCTEju

max
j

RCTEju −min
j

RCTEju

(37)

while Equations (26) and (28) change to

SKju(EDD) =
Rj −min

j
Rj

max
j

Rj −min
j

Rj

·
RCTEju −min

j
RCTEju

max
j

RCTEju −min
j

RCTEju

·
SCTju −min

j
SCTju

max
j

SCTju −min
j

SCTju

(38)

SKju(CR) =
RPTju −min

j
RPTju

max
j

RPTju −min
j

RPTju

/( Rj −min
j

Rj

max
j

Rj −min
j

Rj

·
RCTEju −min

j
RCTEju

max
j

RCTEju −min
j

RCTEju

·
SCTju −min

j
SCTju

max
j

SCTju −min
j

SCTju

)
(39)

A general expression of the four equations can be derived as follows.
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Definition 2.1. (the four-objective dispatching rule). The slack value of job j at step u
according to the four-objective dispatching rule is defined as

SKju(new rule) =

(
j − 1

n− 1

)α

·

 RPTju −min
j

RPTju

max
j

RPTju −min
j

RPTju

β

·

 Rj −min
j

Rj

max
j

Rj −min
j

Rj

γ

·

 RCTEju −min
j

RCTEju

max
j

RCTEju −min
j

RCTEju

η

·

 SCTju −min
j

SCTju

max
j

SCTju −min
j

SCTju

ϑ

(40)

where α, β, γ, and η are positive real numbers satisfying the following constraints:

If α = 1 then β, γ, ϑ = 0; η = −1, and vice versa (41)

If β = 1 then α = 0; γ, η, ϑ = −1, and vice versa (42)

If η = 1 then α, β = 0; γ, ϑ = 1, and vice versa (43)

There are many possible models to form the combinations of α, β, γ, η, and ϑ. For
example,

(Linear model) α = 1− 2β − γ; γ = ϑ = η + α (44)

(Nonlinear model) α = (1− 2β − γ)u, u ∈ Z+; γ = ϑ = (η + α)v, v = 1, 3, 5, . . . (45)

(Logarithmic model 1) α = ln(2−2β−γ)/ ln 2; γ = ϑ = ln(1.5η+α+2.5)/ ln 2−1 (46)

Equation (41) requires the values of α and β to be within [0 1]. With any model, the
proposed methodology tries various combinations of α, β, γ, η, and ϑ to optimize the
scheduling performance in the target wafer fabrication factory. In this way, the new rule
becomes tailored to the specific wafer fabrication factory. In addition, the values of α, β, γ,
η, and ϑ can be dynamically adjusted to reflect the changes in the production conditions of
the wafer fabrication factory. Clearly, EDD, FSMCT, FSVCT, and CR are special cases
of the new rule:

EDD: (α, β, γ, η, ϑ) = (0, 0, 1, 1, 1)
FSMCT: (α, β, γ, η, ϑ) = (1, 0, 0,−1, 0)
FSVCT: (α, β, γ, η, ϑ) = (0, 0, 1,−1, 0)
CR: (α, β, γ, η, ϑ) = (0, 1,−1,−1,−1)

Theorem 2.2. The four-objective nonlinear fluctuation smoothing rule is more responsive
than the four original rules if RCTEju is large, which is a common phenomenon in a wafer
fabrication factory.

Proof: Let us compare the four-objective nonlinear fluctuation smoothing rule and
FSMCT first. For a fair comparison, the parameters β, γ, and ϑ are set to 0, because the
corresponding variables are not considered in FSMCT.

When j
λ
increases by 1%, in FSMCT SKju is changed by∣∣∣∣∣(1 + 1%) j

λ
−RCTEju

j
λ
−RCTEju

− 1

∣∣∣∣∣ · 100% =

∣∣∣∣∣ j
λ

j
λ
−RCTEju

∣∣∣∣∣% =

∣∣∣∣ j

j − λ ·RCTEju

∣∣∣∣% (47)

If RCTEju is large, such as greater than j
λ
, then Equation (47) becomes∣∣∣∣ j

j − λ ·RCTEju

∣∣∣∣% =
j

λ ·RCTEju − j
% (48)
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Conversely, in the four-objective nonlinear fluctuation smoothing rule, SKju will be
changed by∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

(
(1+1%) j

λ
− 1

λ
n
λ
− 1

λ

)α · (
RPTju−min

j
(RPTju)

max
j

(RPTju)−min
j

(RPTju)
)0 · (

Rj−min
j

(Rj)

max
j

(Rj)−min
j

(Rj)
)0

·(
RCTEju−min

j
(RCTEju)

max
j

(RCTEju)−min
j

(RCTEju)
)η · (

SCTju−min
j

(SCTju)

max
j

(SCTju)−min
j

(SCTju)
)0

(
j
λ
− 1

λ
n
λ
− 1

λ

)α · (
RPTju−min

j
(RPTju)

max
j

(RPTju)−min
j

(RPTju)
)0 · (

Rj−min
j

(Rj)

max
j

(Rj)−min
j

(Rj)
)0

·(
RCTEju−min

j
(RCTEju)

max
j

(RCTEju)−min
j

(RCTEju)
)η · (

SCTju−min
j

(SCTju)

max
j

(SCTju)−min
j

(SCTju)
)0

− 1

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣
· 100%

=

∣∣∣∣(0.01jj − 1
)α
∣∣∣∣ · 100% = (

0.01j

j − 1
)α · 100% (49)

because j ≥ 1. In addition, since 0 ≤ α ≤ 1, 1/α ≥ 1 and 100
1
α ≥ 1001 = 100. Therefore,

Equation (49) becomes(
0.01j

j − 1

)α

· 100% =

(
0.01j

j − 1

)α

·
(
100

1
α

)α
% ≥

(
0.01j

j − 1

)α

· (100)α% =

(
j

j − 1

)α

% (50)

If RCTEju is large, such as greater than (j−1)α+jα

λjα−1 , then

RCTEju ≥ (j − 1)α + jα

λjα−1
(51)

j

λRCTEju − j
≤ (

j

j − 1
)α (52)

which finishes the proof. The comparison between the four-objective nonlinear fluctuation
smoothing rule and the other rules can be done in similar ways.

2.4. The certain-rule-first procedure. The contradiction in the four original rules
leads to distinct sequencing results by these rules. The problem therefore arises: which
rule should we follow in determining the sequence of jobs? In the proposed methodology,
we use the mix of them, as detailed in the following certain-rule-first procedure.

Definition 2.2. (the certain rule). Assume the rank of job j according to FSMCT,
FSVCT, EDD, and CR are indicated with rj(1), rj(2), rj(3), and rj(4), respectively.
Obviously, 1 ≤ rj(p) ≤ n; p = 1 ∼ 4. We say that rule p is the certain rule for job j if

|rj(p)− n
2
|

max
q 6=p

|rj(q)− n
2
|
> Θ (53)

where Θ is a positive-valued, predefined threshold. If none of the four rules satisfies
Equation (53), then the four-objective rule becomes the certain rule for this job. It is also
easy to prove that among the four rules and the four-objective rule, only one will be certain
if Θ > 1. The philosophy behind the certain-rule-first procedure is to retain the ranks of
jobs with the highest or lowest priorities in the original rules. Jobs are also sequenced
according to their certain rules.
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2.5. Optimizing the parameters in the four-objective rule. In most similar rules
proposed in the literature, the adjustable parameters are determined in a subjective way.
Only a few combinations of them are considered, from which the one giving the best results
is chosen. Such a way cannot guarantee the optimality of the scheduling performances. To
solve this problem, we can model the relationship between the scheduling performances
and the adjustable parameters using RSM. Then, from the response surface, the minimum
giving the optimal scheduling performances is chosen.

In this optimization problem, we have five inputs and four outputs, which constitute a
very complex response surface fitting problem. For this reason, we build a BPN to find
out the response surface:

(1) Inputs: the five adjustable parameters – α, β, γ, η, and ϑ. All inputs and outputs
are normalized into [0.1 0.9].

(2) Single hidden layer with 10 nodes.
(3) Outputs: the four objectives – the average cycle time, cycle time standard deviation,

the maximum lateness, and the number of tardy jobs.
(4) Training algorithm: the Levenberg-Marquardt algorithm.
(5) Maximum number of epochs: 1000.

3. Simulation Study. To evaluate the effectiveness of the optimized-rule-fusion and
certain-rule-first approach for multi-objective job scheduling in a wafer fabrication factory,
we used simulated data to avoid disturbing the regular operations of the wafer fabrication
factory [23,24].

To assess the effectiveness of the proposed methodology and to make comparison with
some existing approaches – first in first out (FIFO), EDD, shortest remaining processing
time (SRPT), CR, FSVCT, FSMCT, and nonlinear fluctuation smoothing rule (NFS)
[24], all of these methods were applied to schedule the simulated wafer fabrication factory
to collect the data of 1000 jobs, and then we separated the collected data by their product
types and priorities. That is about the amount of work that can be achieved with 100% of
the monthly capacity. In some cases, there was too little data, so they were not discussed.
These rules are traditionally used for different purposes:

(1) The average cycle time: FIFO, FSMCT, SRPT, NFS.
(2) Cycle time standard deviation: FSVCT, NFS.
(3) The maximum lateness: EDD, CR.
(4) The number of tardy jobs: EDD, CR.

To determine the due date of a job, the FCM-BPN approach was applied to estimate
the cycle time, for which the Levenberg-Marquardt algorithm rather than the gradient
descent algorithm was applied to speed up the network convergence. Then, we added a
constant allowance of three days to the estimated cycle time, i.e., κ = 72, to determine
the internal due date.

Jobs with the highest priorities are usually processed first. In FIFO, jobs were sequenced
on each machine first by their priorities, then by their arrival times at the machine. In
EDD, jobs were sequenced first by their priorities, then by their due dates. In CR, jobs
were sequenced first by their priorities, then by their critical ratios. In the proposed
methodology, nine possible sets of the four adjustable parameters were first tried (see
Table 2).

A fair way of comparison is to compare multiple performance measures at the same
time [25-33]. Subsequently, the average cycle time, cycle time standard deviation, the
number of tardy jobs, and the maximum lateness of all cases were calculated to assess
the scheduling performance. With respect to the average cycle time, the FSMCT policy



2296 T. CHEN

Table 2. Some possible sets of the five adjustable factors

Table 3. The performances of various approaches in the average cycle time

Avg. cycle time (hrs) A (normal) A (hot) A (super hot) B (normal) B (hot)
FIFO 1254 400 317 1278 426
EDD 1094 345 305 1433 438
SRPT 948 350 308 1737 457
CR 1148 355 300 1497 440

FSMCT 1313 347 293 1851 470
FSVCT 1014 382 315 1672 475
NFS 1456 407 321 1452 421

The new rule
1197 333 270 1351 368

(0.4, 0.2, 0.2,−0.2, 0.2)
The new rule

1183 347 271 1160 339
(0.6, 0.2, 0,−0.6, 0)

The new rule
1237 347 271 1089 344

(0.8, 0.2,−0.2,−1,−0.2)
The new rule

922 307 267 1541 392
(0.016, 0.343, 0.064, 0.384, 0.064)

The new rule
1070 309 260 1521 414

(0.115, 0.001, 0.512, 0.685, 0.512)
The new rule

1230 348 270 1150 343
(0.681, 0.064,−0.008,−0.881,−0.008)

The new rule
1143 353 274 1089 361

(0.3, 0.6,−0.43,−0.88,−0.43)
The new rule

1206 355 280 1090 376
(0.5, 0.5,−0.41,−1,−0.41)

The new rule
1191 344 278 1099 357

(0.6, 0.3,−0.12,−0.84,−0.12)

was used as the basis for comparison, while FSVCT was compared in evaluating cycle
time standard deviation. On the other hand, the EDD and CR policies were used as the
basis for comparison with respect to the maximum lateness and the number of tardy jobs,
respectively. The results are summarized in Tables 3 ∼ 6.
According to the experimental results, the following points can be made:

(1) For the average cycle time, the proposed methodology outperformed the baseline
approach, the FSMCT policy. The most obvious advantage was about 17% when
(α, β, γ, η, ϑ) = (0.6, 0.2, 0,−0.6, 0) or (0.016, 0.343, 0.064, 0.384, 0.064).

(2) The proposed methodology also achieved a very good performance in reducing the
maximum lateness, especially when the parameters were set to (0.6, 0.2, 0,−0.6, 0) or
(0.6, 0.3,−0.12,−0.84,−0.12). Compared with EDD, the advantage was up to 31%.
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Table 4. The performances of various approaches in the maximum lateness

The maximum lateness (hrs) A (normal) A (hot) A (super hot) B (normal) B (hot)
FIFO 401 −122 164 221 172
EDD 295 −181 144 336 185
SRPT 584 −142 174 718 194
CR 302 −159 138 423 192

FSMCT 875 −165 125 856 171
FSVCT 706 −112 174 686 260
NFS 627 10 161 331 151

The new rule
524 −151 106 369 120

(0.4, 0.2, 0.2,−0.2, 0.2)
The new rule

360 −152 118 21 94
(0.6, 0.2, 0,−0.6, 0)

The new rule
753 −152 127 10 112

(0.8, 0.2,−0.2,−1,−0.2)
The new rule

360 −170 112 449 155
(0.016, 0.343, 0.064, 0.384, 0.064)

The new rule
521 −179 90 528 149

(0.115, 0.001, 0.512, 0.685, 0.512)
The new rule

481 −164 95 34 92
(0.681, 0.064,−0.008,−0.881,−0.008)

The new rule
661 −148 103 536 124

(0.3, 0.6,−0.43,−0.88,−0.43)
The new rule

643 −150 103 137 100
(0.5, 0.5,−0.41,−1,−0.41)

The new rule
396 −133 102 49 97

(0.6, 0.3,−0.12,−0.84,−0.12)

(3) In addition, the proposed methodology surpassed the FSVCT policy in reducing cycle
time standard deviation. The most obvious advantage was 50% when the combination
(0.681, 0.064,−0.008,−0.881,−0.008) was used.

(4) In reducing the number of tardy jobs, the proposed methodology achieved the best
performance when (α, β, γ, η, ϑ) = (0.016, 0.343, 0.064, 0.384, 0.064) or (0.3, 0.6,−0.43,
−0.88,−0.43).

(5) As expected, SRPT performed well in reducing the average cycle times, especially for
product types with short cycle times (e.g., product A), but might give an exceedingly
bad performance with respect to cycle time standard deviation. If the cycle time is
long, the remaining cycle time will be much longer than the remaining processing
time, which leads to the ineffectiveness of SRPT. SRPT is similar to FSMCT. Both
try to make all jobs equally early or late.

(6) The performance of EDD was also satisfactory for product types with short cycle
time. If the cycle time is long, it is more likely to deviate from the prescribed internal
due date, which leads to the ineffectiveness of EDD. That becomes more serious if the
percentage of the product type is high in the product mix (e.g., product type A). CR
has similar problems.

According to these results, the treatments carried out in this study did indeed improve
the performances of the traditional policies. Subsequently, to optimize the scheduling
performance of the proposed methodology, we built a BPN to find out the relationship
between the scheduling performances (considering the largest case – product type A with
normal priority) and the adjustable parameters. The Levenberg-Marquardt algorithm was
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Table 5. The performances of various approaches in cycle time standard deviation

Cycle time standard deviation (hrs) A (normal) A (hot) A (super hot) B (normal) B (hot)
FIFO 55 24 25 87 51
EDD 129 25 22 50 63
SRPT 248 31 22 106 53
CR 69 29 18 58 53

FSMCT 419 33 16 129 104
FSVCT 280 37 27 201 77
NFS 87 49 19 44 47

The new rule
294 43 23 126 35

(0.4, 0.2, 0.2,−0.2, 0.2)
The new rule

71 41 22 30 29
(0.6, 0.2, 0,−0.6, 0)

The new rule
127 33 23 56 31

(0.8, 0.2,−0.2,−1,−0.2)
The new rule

259 31 16 78 72
(0.016, 0.343, 0.064, 0.384, 0.064)

The new rule
320 38 12 142 66

(0.115, 0.001, 0.512, 0.685, 0.512)
The new rule

89 35 15 50 32
(0.681, 0.064,−0.008,−0.881,−0.008)

The new rule
215 35 18 245 46

(0.3, 0.6,−0.43,−0.88,−0.43)
The new rule

140 35 16 96 54
(0.5, 0.5,−0.41,−1,−0.41)

The new rule
90 35 13 77 38

(0.6, 0.3,−0.12,−0.84,−0.12)

applied to train the BPN. Only 10 epochs was required. The minimum MSE is 8.68∗10−7.
The results were summarized in Table 7. To construct the response surface, 100 points
were randomly chosen.
The response surface is a 9-dimensional space. To visualize the response surface, it can

be projected down to the 3-dimensional space. See Figure 1 for example.
From the 100 points on the response surface, the minima occurred at (α, β, γ, η, ϑ) =

(0.15, 0.60, 0.34, 0.59,−0.30) and was estimated to achieve the following scheduling per-
formances:
The average cycle time (product type A, normal priority) = 931 (hrs)
The maximum lateness (product type A, normal priority) = 311 (hrs)
Cycle time standard deviation (product type A, normal priority) = 80 (hrs)
The number of tardy jobs (product type A, normal priority) = 55 (jobs)
Subsequently, a confirmation simulation study was carried out with this setting. The

results are as follows:
The average cycle time (product type A, normal priority) = 953 (hrs)
The maximum lateness (product type A, normal priority) = 218 (hrs)
Cycle time standard deviation (product type A, normal priority) = 126 (hrs)
The number of tardy jobs (product type A, normal priority) = 71 (jobs)
The deviations from the estimated performances from the actual values are:
The average cycle time = 2%
The maximum lateness = 30%
Cycle time standard deviation = 37%
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Table 6. The performances of various approaches in the number of tardy jobs

Cycle time standard deviation (hrs) A (normal) A (hot) A (super hot) B (normal) B (hot)
FIFO 79 0 12 16 5
EDD 71 0 12 19 5
SRPT 37 0 12 19 5
CR 79 0 12 19 5

FSMCT 58 0 12 19 5
FSVCT 56 0 12 18 5
NFS 79 1 12 19 5

The new rule
67 0 12 19 5

(0.4, 0.2, 0.2,−0.2, 0.2)
The new rule

79 0 12 19 5
(0.6, 0.2, 0,−0.6, 0)

The new rule
79 0 12 19 5

(0.8, 0.2,−0.2,−1,−0.2)
The new rule

52 0 12 19 5
(0.016, 0.343, 0.064, 0.384, 0.064)

The new rule
59 0 12 19 5

(0.115, 0.001, 0.512, 0.685, 0.512)
The new rule

79 0 12 19 5
(0.681, 0.064,−0.008,−0.881,−0.008)

The new rule
79 0 12 12 5

(0.3, 0.6,−0.43,−0.88,−0.43)
The new rule

79 0 12 17 5
(0.5, 0.5,−0.41,−1,−0.41)

The new rule
79 0 12 18 5

(0.6, 0.3,−0.12,−0.84,−0.12)

Table 7. The estimated scheduling performances (product type A, normal priority)

# α β γ η ϑ
The average The maximum

Cycle time
The number of

cycle time lateness
standard

tardy jobs
deviation

1 0.029 0.225 0.460 −0.350−0.288 951 312 135 51
2 0.033 0.382 0.095 0.219 −0.082 941 320 201 52
3 0.038 0.006 0.257 0.231 0.495 1121 521 329 55
4 0.049 0.493−0.246 0.677 −0.219 1004 333 201 54
5 0.053 0.412−0.237 0.424 0.340 1056 404 278 54
6 0.061 0.171−0.155−0.661−0.247 1094 314 146 52

. . .
100 0.786 0.230 0.435 −0.893 0.159 1253 400 112 81

The number of tardy jobs = 23%
The advantages of the optimized rule over the traditional rules in the four aspects were

27%, 26%, 55%, and 10%, respectively.

4. Conclusions and Directions for Future Research. Multi-objective scheduling
in a wafer fabrication factory is a challenging but important task. For such a complex
production system, to optimize a single objective has been tough enough, needless to say
taking into account four objectives at the same time. As an innovative attempt, this study
presents an optimized-rule-fusion and certain-rule-first approach for multi-objective job
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Figure 1. Projecting the response surface down to the 3-dimensional space
(α = 0.433; β = 0.529; γ = −0.141)

scheduling in a wafer fabrication factory, to optimize four performance measures at the
same time, which has rarely been discussed in the past studies.
The optimized-rule-fusion and certain-rule-first approach proposes a nonlinear fusion of

four traditional dispatching rules – EDD, FSMCT, FSVCT, and CR. However, in theory
there is a contradiction among these rules, making their fusion a challenging task. To
resolve this problem, a certain-rule-first procedure is established to retain the ranks of
jobs with the highest or lowest priorities in the original rules. Some theoretical properties
of the new rule are also proven. We also apply a more effective approach to estimate
the remaining cycle time of a job, which is empirically shown to be conducive to the
scheduling performance. Finally, the values of the adjustable parameters in the new rule
are optimized using RSM instead of being chosen in a subjective way as in the previous
studies.
After a simulation study, we observed the following phenomena:

(1) Through improving the accuracy of estimating the remaining cycle time, the perfor-
mance of a scheduling rule can indeed be strengthened.

(2) In particular, the nonlinear way of rule fusion appears as an appropriate tool to analyze
multi-objective scheduling problems. Such an advantage is further strengthened by
using RSM to optimize the adjustable factors in the nonlinear fusion.

(3) Most variants of the new rule dominated most of the traditional rules compared in the
experiment. Therefore, the proposed methodology can be concluded as an effective
means to optimize the average cycle time, cycle time standard deviation, the maximum
lateness, and the number of tardy jobs at the same time.

However, to further assess the effectiveness and efficiency of the proposed methodology,
the only way is to apply it an actual wafer fabrication factory. In addition, different
objectives can be fused in the same way in future studies.
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