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This paper presents a scheduling algorithm for an in-line stepper in low-yield scenarios, which mostly
appear in cases when new process/production is introduced. An in-line stepper is a bottleneck machine
in a semiconductor fab. Its interior comprises a sequence of chambers, while its exterior is a dock
equipped with several ports. The transportation unit for entry of each port is a job (a group of wafers),
while that for each chamber is a piece of wafer. This transportation incompatibility may lead to a capac-
ity-loss, in particular in low-yield scenarios. Such a capacity-loss could be alleviated by effective sched-
uling. The proposed scheduling algorithm, called GA-Tabu, is a combination of a genetic algorithm (GA)

and a tabu search technique. Numerical experiments indicate that the GA-Tabu algorithm outperforms
seven benchmark ones. In particular, the GA-Tabu algorithm outperforms a prior GA both in solution
quality and computation efforts.
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1. Introduction

In semiconductor manufacturing, steppers are the most expen-
sive machine and are usually the bottleneck of a wafer fab. Their
utilization would significantly affect the throughput of a fab. One
way to effectively utilize a stepper is by appropriately scheduling
the jobs waiting before it. Scheduling for steppers is thus an impor-
tant research issue.

Much literature on stepper scheduling has been published. In
terms of problem characteristics, they vary in the inclusion of dif-
ferent constraints imposed on steppers—for example, mask setup
(Chern & Liu, 2003; Duwayri, Mollaghasemi, Nazzal, & Rabadi,
2006), machine dedication (Wu, Huang, Chang, & Yang, 2006;
Wau, Chiou, & Chen, 2007; Wu, Jiang, & Chang, 2008), rework
(Sha, Hsu, Che, & Chen, 2006), and cluster tool configuration (Mor-
rison & Martin, 2007). In terms of solution methodology, four types
were mostly used: dispatching rules (Dabbas & Fowler, 2003; Ying
& Lin, 2009), artificial intelligence (Wu & Chang, 2007, 2008) math-
ematical programming (Chung & Hsieh, 2008), and meta-heuristic
algorithms (Chiang & Fu, 2008).

Significant milestones on stepper scheduling have been estab-
lished by prior studies. However, most of them implicitly made a
high-yield assumption. That is, the production yield is quite high
so that each wafer job is a full lot (i.e., carrying 25 wafers). How-
ever, in the stage of new product/process introduction, low-yield
is quite common. Many small lots (i.e., carrying less than 25 wafers)
may appear.
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A recent study (Wu & Chiou, 2009) indicated that an in-line step-
per, a relatively advanced version of stepper, may loss capacity in a
low-yield scenario. Such a capacity-loss would not appear in a high-
yield scenario and has been rarely noticed. They proposed a genetic
algorithm (GA) for scheduling an in-line stepper. Their experiment
results indicated that the GA outperforms four heuristic scheduling
rules widely used in practice.

This paper aims to develop a more effective scheduling algo-
rithm for an in-line stepper. The algorithm we proposed is called
GA-Tabu, which is a combination of a GA and a tabu search tech-
nique. Experiment results indicated that the GA-Tabu outperform
seven other meta-heuristic methods, including the GA by Wu
and Chiou (2009).

The remainder of this paper is organized as follows. Section 2
introduces the operational mechanism of an in-line stepper. Sec-
tion 3 describes how to compute the makespan of a job sequence.
Section 4 presents the GA-Tabu algorithm. Experiment results are
reported in Section 5. Concluding remarks are in the last section.

2. Operational mechanism of an in-line stepper

An in-line stepper is a machine, whose interior comprises a
group of chambers, each of which can process one wafer at a time.
Its exterior is equipped with a dock for job entry/departure (Fig. 1).
Jobs are moved from a neighboring WIP buffer to the dock. The
transportation unit between the WIP buffer and the dock is a job
(a container carrying 1-25 wafers), but that between the dock
and the in-line stepper is a piece of wafer. A transportation incom-
patibility thus exists between the dock and the in-line stepper.

As shown in Fig. 2, an in-line stepper is composed of two mod-
ules—a track and an aligner (Quirk, 2001; Xiao, 2001). Each module
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Fig. 1. Production system of stepper.

involves various types of chambers. Each type of chamber may be
more than one in numbers. In the aligner module, a mask setup
time is needed at the exposure chamber, while a wafer from a dif-
ferent job enters the chamber.

The dock of an in-line stepper typically involves four ports. Each
port could accommodate only one job container. A job container on
the dock must stay at the port until all its wafers have completed
processing. This implies that any other jobs cannot access the in-
line stepper while all the ports have been occupied. As a result, a
capacity-loss may appear in a low-yield scenario, due to the limit
of port number.

An example of such a capacity-loss is given below. Consider an
in-line stepper that has four ports and 22 chambers. Four jobs (A,
B, C, and D) are now on the dock. Job A contains 25 wafers while
jobs B, C, D in total carry only 16 wafers. Suppose the processing
sequence isA, B, C and D. When Job A’s last wafer leaves the stepper
for the dock, the 16 wafers of jobs B, C, and D would occupy the last
16 chambers of the stepper. This results in a capacity-loss—the first
six (22-16) chambers have no new wafers to host. Such a capacity-
loss would not occur in a high-yield scenario, in which the total
number of wafers in B, C, and D is usually more than 22.

3. Makespan evaluation for job sequences

A method, adapted from Ruiz and Maroto (2006), is presented
for evaluating the makespan of a job sequence. In the evaluation,
we virtually sent each wafer in sequence into the in-line stepper
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and looked for an available chamber that can finish the wafer at
the earliest time. We first give notation and proceed to the make-
span evaluation procedure, where a group of functionally identical
chambers is called a stage.

3.1. Notation

index of job
index of wafer
index of stage
index of chamber
index of the exposure chamber
total number of ports in the dock
total number of jobs to be processed by the in-line stepper
total numbers of stages in the in-line stepper
total number of chambers at stage i
processing time required for chamber [ at stage i to process
wafer k in job j
a job sequence for n jobs, 7 =[n(1),...,7(n)]
the job in the jth position of a sequence &
total number of wafers in job j
transportation time for uploading a job to the dock
transportation time for downloading a job from the dock
setup time required for chamber [ in stage i to process wa-
. . if iz#a or k#1,then S;; 7« = 0,

fer k in ']Ob TEU) otherwise, Si,Lﬂ:(j).k = 57-[0‘)‘7-50‘,1)

setup time required for the exposure chamber to switch
production from job 7(j — 1)to job 7(j); Sx(jyn(i—1)=So if
n(j — 1) and n(j) use different masks, and 0z ni_1)=0,
otherwise
the time epoch when chamber [ in stage i just turns to be
available. That is, while the chamber (i,[) is free at t, A; is
the last wafer-completion-epoch before t; while the cham-
ber (i,I) is in operation at t, A;;, is the first wafer-comple-
tion-time after t
Gk the completion-time of wafer k in job n(j) at stage i
Cmax(7) makespan of job sequence ©

Diljk

b

0))
w(j)

ty

tq
Sin(i)k
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3.2. Evaluation procedure

The makespan evaluation procedure is governed by the follow-
ing four equations:
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Fig. 2. Configuration of an in-line stepper. (a) Vapor prime: »;-,, (b) cooling:
pc1-pca, (h) develop: dq-d,, (i) hard bake: hi-h,.

hcy—hcey, (c) Coater: ki-k,, (d) softbake: s1-s5, (e) cooling: sc,-sc,, (f) buffer b-bs, (g) cooling:
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Ci‘n(/').k = ]rgi%‘{max{Ai‘l,t + Si.l‘rc(/').k; Ci—Ln(}').k} + p,’_[_n(]‘)7k}

where t = Ci,lm)_k for1<i<M (1)
Crs1 ) winti) = Cngywngy) + ta (2)
CM+1 7G)w(n)) + tu=Cozjepq for1<j<n—p (3)

max (TC) CMH 7(n),w(m(n)) (4)

Eq. (1) expresses the completion-time of a particular wafer at
each stage i. The term A;;; + Si; ¢k denotes the time epoch when
chamber [ at stage i is ready for processing wafer k in job n(j),
and the term G;_q )k denotes the time epoch when the wafer is
available to be processed at the chamber.

Eq. (2) describes the completion-time of job 7(j) at stage M + 1,
where we assume that a waiting-for-process wafer in the port is at
stage 0; and a finished wafer in the port is at stage M + 1.

Eq. (3) expresses the job arrival/departure relationships for the
dock. The equation indicates that job n(j + p) in the WIP buffer can
be transported to the dock only when job 7(j) in the dock has been
moved away. Eq. (4) computes the makespan Cpax(7).

4. Algorithm

An algorithm called GA-Tabu, a combination of a GA (Holland,
1975) with a tabu search technique, is proposed to solve the in-line
stepper scheduling problem. In the algorithm, a chromosome (a job
sequence) is denoted by m=[n(1),...,m(n)] where 7(j), called a
gene, represents the job in the jth position of sequence 7. The
makespan Cpax(7) of the chromosome is called its fitness function.
We first introduce the logic flow of the GA-Tabu algorithm, and
proceed to describe each major component in the algorithm.

4.1. Logic flow

The logic flow of the proposed algorithm is described by a main
procedure named GA-Tabu, in which a sub-procedure named Tabu
will be called.

Procedure GA-Tabu

Step 1: Initialization
Set k=0 and ¢ = 0. Randomly select N, chromosomes to form
an initial population P(t). Identify the best chromosome 7}
in P(0).
Set m° = 1) [«7° is the currently best ever solution; k is the
tenure of 7° */
Set tabu_list = ¢ [«+tabu_list is a queue list of size q */
Set m* = m) [+n* is a chromosome called tabu_seed «/

Step 2: Update P(t+ 1) by GA
Use crossover operators to create a set Ny(t) of P. - N, new
chromosomes.
Use mutation operators to create a set Nx(t) of Py, - N, new
chromosomes.
Let S(t) = P(t) U N¢(t) U No(t). From S(t), use a selection strat-
egy (the roulette wheel selection method by Michalewicz
(1996) to select N, chromosomes to form P(t + 1)).

Step 3: Update 7z° based on 7., the best chromosome in P(t + 1)
From P(t + 1), identify the best chromosome 7tpes
If Crnax(7Thest) = Cmax(7°) set k=k + 1, go to Step 4.
If Cnax(Thest) < Cmax(7°), set k=0 [xwhile 7y, is better than
7° %/
Set 71° = Tlpes; [+ Update 7° by Tpes */
call Tabu(7pes,, 1°); [+ further update 7n° by tabu x/

Step 4: Update n° based on good chromosomes in P(t + 1) other

than 7tpes;

If k = 20, call Tabu(7;,, °
some in P(t+1)

), where 7;, is the 2nd best chromo-
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If k=30, call Tabu(m;, 7°); 7, is the 3rd chromosome in
P(t+1)
If k=40, call Tabu(m;,,7°); 7y, is the 4th chromosome in
P(t+1)

Step 5: Update n° and 7" based on the current tabu seed
If (k > 40 & mod (k,5) = 0), call Tabu(7*, 7°)

Step 6: Termination Check
If (k=K or t=T), then stop
Otherwise, set t=t+ 1, go to Step 3.

Procedure Tabu(7;,, 7oy)

Step 1: Create a set Q of new chromosomes.

e Based on 7, apply the steepest descent pairwise interchange
(SDPI) (Armour & Buffa, 1963) technique to create a set Q of
new chromosomes. Each new chromosome 7 is created by
applying a particular interchange operation, represented by
move(T)

Step 2: Update tabu_list
From €, identify the best g chromosome 7}, ..., 7]
Fori=1,q
If move(m}) ¢ tabu_list, then
Place move(m) in the tabu_list;
Set Tou = T;
Replace the worst chromosome in P(t+1) by 7oy, /
sxupdate P(t+ 1) «/
Go to Step 3
Endif
Endfor
Step 3: Update n° and 7*
If Conax(Tout) < Cmax(7°), set 1° = 7y, and k = 0; [xupdate 7° +/
If (7, = ), set ° = moye; [¥update ° */
Return.

Procedure GA-Tabu is explained below. In Step 1, we create an
initial population of chromosomes P(0) and set the initial status of
7° and 7", where 7° is the currently best ever chromosome and 7*
is a chromosome called tabu_seed.

In Step 2, we update P(t) by crossover operators, mutation oper-
ators and a selection strategy. Crossover and mutation operators
are used to create new chromosomes. The existing and new chro-
mosomes are then screened by the selection strategy in order to
create P(t+ 1) from P(t).

In Step 3, we intend to update 7° based on 7., the best chro-
mosome in P(t + 1). If 7,5, is better than 7°, this implies that 7y is
a good chromosome and its neighborhood could be exploited fur-
ther. To do so, we call Procedure Tabu to create a new chromosome
Toue from the neighborhood of 75 Of the two chromosomes 7y
and 7., the better one if eligible is used to update =°. If z° is not
updated in an iteration ¢, its tenure k is increased by one. The ten-
ure k indicates how many times 7° has outperformed 7.5, While
P(t)is evolving. A large k value implies that update 7° based on cur-
rent mpes in P(t + 1) appears to be difficult to a certain extent.

Therefore, in Step 4, some good chromosomes other than 7, in
P(t + 1) are considered to update 7°. That is, we use the 2nd, 3rd,
and 4th best chromosomes in P(t + 1) and call Procedure Tabu to
exploit their neighborhood in order to create new chromosomes
for possibly replacing 7°. In essence, both Steps 3 and 4 are in-
tended to update 7° through the use of P(t+ 1), which evolves
based on the GA technique. While the value of k is too large (here
we set k > 40), we could infer that updating 7° through the use of
GA is now hard to a certain extent.

To remedy this deficiency, in Step 5, we alternatively use tabu_-
seed * and call Procedure Tabu to exploit its neighborhood in or-
der to create new chromosomes for possibly replacing n°. The
evolution of 7" is independent of the GA. Therefore, 7" is likely
far away from the neighborhood of the chromosomes in P(t+1).
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This characteristic helps the algorithm escape from a local optimal
solution obtained by the GA.

Procedure Tabu(7;,, 7oy.) is designed to create a new chromo-
some Ty, Which is one in the neighborhood of 7;,. One purpose
for obtaining 7., is for updating n° and P(t+1). The input 7,
has two possible sources: P(t+ 1) or tabu_seed n*. The source 7*
is designed to evolve through this procedure. Therefore, we addi-
tionally use 7,,, to update 7* while 7;, = 7*. In summary, Procedure
Tabu has three functions: updating n°, 7* and P(t + 1).

4.2. Crossover and mutation operators

To create new chromosomes, we use four types of crossover
operators and three types of mutation operators. A crossover oper-
ator is designed to create a new pair from an existing pair, while a
mutation operator is to create a new one from an existing one. The
four types of crossover operators are C1 (one point crossover) by
Reeves (1995), LOX (linear order crossover) by Croce, Tadei, and
Volta (1995), PMX (partially mapped crossover) by Goldberg
(1989), and NABEL operator by Bac and Perov (1993). The three
types of mutation operators are Swap, Inverse, and Insert (Nearc-
hou, 2004; Wang & Zheng, 2003; Zhang, Wang, & Zheng, 2006).

The four crossover operators are explained below, where par-
ent-1 and parent-2 denote parent chromosomes while child-1 and
child-2 denote the created ones.

a. C1 crossover

Parent1| 1|6 [sfo]a]s5][s]7]2]

Parent2|3|5|6 1|8|2|7|9|4|

xeniot (1|6 s3] | [ | [ | |

x-chnd-2|3|5|6| | | | | | |

Parent1|1|6|3|9|4|5|8
chivz [3]s]e]1][o]a]s

cnigt |1 ]e[s]s]s][2][7]o]4]

I

Paenz[asfefr]efz]7[o]4]

c. PMX (Partially Mapped Crossover)

parent1  [1]6[3F0als[8E7]2]

parent2 |3 |5|6f1[8]2]780[4]

Two cutting sites of the parents are chosen randomly 3,7

conas [ [ [e[2[7] ]
cansz [ EEEEI ]
eawts [1[[5 o5 [s[7]2]
w2 GAle[s[+[s]e]2]7]
S ) 3 K EN E EA A
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a. SWAP
1 6 9 4 5 3 7 2
| @ o efa]o & 7 2]
b. Inverse
1 o A I
T 1t 2
c. Insert

Fig. 4. Mutation operators: (a) SWAP, (b) Inverse, (c) Insert.

C1 operator: Referring to Fig. 3a, one randomly selected point is
used to divide each parent into two sections (head and tail). To cre-
ate an offspring (say, child-2), its head is copied from the head of
parent-2—a string (3, 5, 6) in this case. Its tail is determined by
sequentially referring to the genes of parent-1; only the gene val-
ues not in the head of child-2 are eligible to appear in the tail. This
results in a string (1, 9, 4, 8, 7, 2) as the tail of child-2.

LOX operator: Referring to Fig. 3b, each parent is randomly di-
vided into three sections (head, middle and tail). The middle for par-
ent-1 and parent-2 are (3, 9, 4) and (6, 1, 8) respectively. A

b. LOX (Linear order crossover)

Parent
1

Parent
2

[1]e§3][o]a§5[e]7]2]

[3]sfe]1]ska][7]o]4]

Two cutting sites of the parents are chosen randomly 2,5

x-child-1

x-child-2

yonili-1 | 3]o|n[H[H]a]5]7]2]

yonile2 [s[2|H[H[H]1]8]2]7]

chid1 [3]ofe[1[8]a]s]7]2]

chidz  |[s[6]3[of4a]1]8]2]7]

d. NABEL operator

Parent 1 |1|6|3|9|4|5|8|7|2|

a2 [35]6 [1]e 2] 7 [o]4]

parent1 [1]6]afo]afsfe]7]2]
~—

9
b 4
e
e
Ve
-

Parent2|3|5|6|1|8|2|7|9|4|

oiar [3]as[1]7[s]e]2]7]

Fig. 3. Crossover operators: (a) C1, (b) PMX, (c) LOX, (d) NABEL.
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chromosome x-child-1 is created by two steps. First, its middle is
copied from the middle of parent-1. Second, its genes values that
appear in the middle of parent-2 are replaced by “H”. This yields
x-child-1=(H, H, 3,9, 4, 5, H, 7, 2). We then manipulate x-child-1
by moving “H” to the middle and yield a chromosome y-child-
1=(3,9, H, H, H, 4,5, 7, 2). Finally, the middle of y-child-1 is re-
placed by that of parent-2; this yield child-1=(3,9,6,1, 8,4,5,7,2).

PMX operator: Referring to Fig. 3¢, each parent is randomly di-
vided into three sections (head, middle, and tail). A new offspring
(e.g., child-1) is created by the following procedure. The middle of
child-1 is created by referring to that of parent-2, which is a string
(1, 8, 2, 7). Both the head and tail of child-1 are created by referring
to parent-1. If the gene values in the head/tail sections of parent-1
do not appear in child-1, we copy them in the exact positions of
child-1 (e.g., gene values 6 and 3). Finally, for those vacant genes
in child-1, we place their values by sequentially referring to the
unassigned genes in parent-1. This yields child-1=(9, 6, 3, 1, 8, 2,
7,4,5).

NABEL operator: Suppose the two parent chromosomes are
Tip1 = [Tp1(1),. . Tp(n)] and mpp = [7p2(1),. . ., mpo(n)]; and the two
children chromosomes to be created are 7 = [7c(1),...,Ter(N)]
and 7, = [7o(1),. .., To(n)]. Referring to Fig. 3d, the NABEL opera-
tor is designed to set 7¢1(i) = 7,1(7p2(i)) and 7eo(i) = 7pa(7pe(i)). For
example, mpy(2)=5 and m,(mpa(2))=4, and we can obtain
7e1(2) = Tp1(mpa(2)) = 4.

The three mutation operators are explained below, where 7,
denotes the parent chromosome while 7, denotes the child one.

Swap operator: Referring to Fig. 4a, we randomly choose two
distinct genes in 7, and then swap their gene values to create 7.

Inverse operator: Referring to Fig. 4b, we randomly select two
cut-off points in 7, to divide it into three sections. Represent n, =
{7a1, a2, a3} and Trg = [Taa(1),. . ., Te2(m)]. The inverse operator is
designed to create a new chromosome 7, = {741, s, a3} Where
Tipa(i) = Taa(m + 1 — ).

Insert operator: Referring to Fig. 4c, we randomly select an in-
sert point and a segment of genes in n,. This would divide n, into
four sections 74 = {7q1 | a2 a3} aa} Which denote that the insert
point is between 7,; and 7., and the selected segment is 7,3. To
create a new chromosome, the insert operator moves the selected
segment to the insert point position. This would yield a new chro-
mosome 7, = {741, | T2, Taa}

4.3. Procedure Tabu

In Step 1 of Procedure Tabu, a set Q of new chromosomes is cre-
ated by the SDPI technique. Given a chromosome 7;,, the technique
creates a new one by choosing a pair of genes from 7;, and inter-
changes their values. With n genes inm;,, Q would include ((n,2)
new chromosomes. For a new chromosome 7 =[7(1),...,7(i)...,
7(j),. . .,m(n)], where n(i)and 7(j) are the two genes that are inter-
changed. Then, its interchange operation move(n) is represented
{n(1), =(j)}-

In Step 2 of the procedure, out of 2, only the best possible chro-
mosome created by a “new” move is eligible for updating =°, 7",
and P(t + 1). Herein, a “new” move is one, currently not in the ta-
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bu_list. This implies that the tabu_list is designed to record “good”
and “new” moves. Such a design is to avoid a cyclic creation of the
same chromosome. This would keep 7° and n* away from being
trapped into a local optima.

5. Numerical experiments

By numerical experiments, we justify the effectiveness of the
proposed GA-Tabu algorithm. The in-line stepper is assumed to
have four ports, 14 stages and 21 chambers. The operation time
at each chamber i follows a uniform distribution [a;,b;] (Table 1).
A mask setup is always required for the exposure chamber while
it turns to process a new job’s wafer, and the mask change time
is a constant (1.0 min). Parameters in the GA-Tabu are set as fol-
lows: P=100, P, =0.8, P, = 0.2, g =7, K=3000, T = 100,000.

5.1. Test cases

To model the process yield in experiments, we use a truncated
binomial distribution (TBD). The TBD implies that the job size is gov-
erned by a binomial distribution; however, the jobs carrying no wa-
fer are moved away from the fab.

We use (N,Y) to represent a test case, where N represents the
number of jobs and Y represents the average yield. In our experi-
ments, N involves five options ranging from 20 to 100 jobs while
Y involves 10 options ranging from 15% to 90% (Table 2-6). That
is, each algorithm has 50 test cases, and each test case is justified
by 15 replicates.

5.2. Benchmark algorithms

For each test case, we compare the GA-Tabu with seven other
algorithms: optimum heuristic rule (OHR), simulated annealing
(SA) by Osman and Potts (1989), GA by Wu and Chiou (in press),
tabu search (TS) by Widmer and Hertz (1989), two ant colony algo-
rithms (ACO) by Rajendran and Ziegler (2004), and particle swarm
optimization (PSO) by Liaoa, Tseng, and Luarnb (2007). The OHR
algorithm denotes taking the best result out of three heuristic
scheduling rules: SPT (shortest job processing time), LPT (longest
job processing time), and NEH (Nawaz, Enscore, & Ham, 1983).
The two ACOs are respectively called MMAX and PACO.

For each algorithm in each test case, the average makespan of
the 15 replicates is taken as the performance. Define the average
makespan of each algorithm as follows: Cga_apy for the GA-Tabu,
COHR for the OHR, CSA for the SA, CGA for the GA, CTS for the TS, CMMAX
for the MMAX, Cpaco for the PACO, and Cpso for the PSO. The com-
putation time for each algorithm is defined accordingly; for exam-
ple, that for the GA-Tabu is defined as tga_tapu-

5.3. Experiment results
To compare the solution quality between the GA-Tabu and a

benchmark algorithm (say, x), a performance metric is so defined:
Vx = (Cx — Ca_tabu)/Cca_tabu- A positive ), indicates that the GA-Tabu

Table 1

Process times of in-line stepper chambers.

Process WIP Dock HMDS Cooling Coater Softbake Cooling Aligner Wafer PEB Cooling Develop Hard High

sequence buffers to area to edge bake cooling

dock area track exposure

Chamber 1 1 2 2 2 2 2 1 1 2 2 2 2 1
number

Process time 25 0.1 1.2 1.2 1.2 [1.2,28] 1 [0.75,1.65] 1 [1.2,2.8] 1 [1.2,2.8] [1.2,28] 05

(min)




Table 2
Makespan comparison at different binomial yield scenarios for job 20.
Jobs 20

GA_Tabu OHR GA SA Tabu MMAX PACO PSO
Yield CGA—mbu tGA-tabu Random SPT LPT NEH CB CGA Vea tca CSA Vsa tsa Cmbu YVtabu Lrabu Cmax Vmax Cmax Cpaco Vpaco tpaco CPSO Vpso Tpsn
(%) (min) (s) (min) (min)  (min) (min)  (min) (min) (%) (s) (min) (%) (s) (min) (%) (s) (min) (%) (s) (min) (%) (s) (min) (%)  (s)
90 562.0 109 572.6 5716 565.1 565.2 565.1 562.1 0.01 251 5632 021 9 562.0 0.00 703 5625 0.08 31 562.6 0.10 23 566.7 084 2
80 529.8 100 539.9 537.1 5329 534.2 5329 5298 0.00 230 5308 0.18 8 529.8 0.00 70.0 530.0 0.03 29 530.2 0.08 21 534.2 082 2
70 448.0 101 458.0 4542 4509  453.1 4509 448.0 0.00 215 4488 018 7 448.0 0.00 69.7 4483 0.08 24 448.4 009 18 4524 099 1
60 391.2 89 400.5 3984 395.1 3944 3944 3913 001 175 3922 026 7 391.2 0.00 694 3916 0.09 21 391.6 0.10 16 396.0 122 1
50 349.8 84 359.1 356.5 3533 353.6 3533 3498 000 214 3509 030 5 349.8 0.00 68.9 3500 0.05 19 350.1 009 14 354.4 131 1
40 268.4 62 277.0 276.6 2724 2726 2724 2684 000 114 2696 043 5 268.4 0.00 68.2 268.8 0.13 14 268.8 0.14 11 2729 165 1
30 2154 59 224.8 2229 2200 2192 219.2 2154 000 137 2163 041 4 2154 0.00 67.0 2157 012 11 215.6 0.06 8 220.6 241 1
25 161.8 47 174.9 1709 1689 168.5 1685 1619 0.05 132 1639 129 3 161.8 0.00 67.0 162.0 011 8 162.2 024 6 167.9 374 1
20 138.6 44 159.2 150.1 1513  149.2 149.2 1394 054 131 1441 398 3 138.6 0.01 66.1 1393 0.50 7 140.4 128 5 148.3 699 1
15 125.8 42 146.3 1434 141.0 139.7 139.7 1274 128 131 1320 492 3 126.3 037 660 127.7 149 6 127.8 157 5 1364 838 1
Table 3
Makespan comparison at different binomial yield scenarios for job 40.
Jobs 40

GA_Tabu OHR GA SA Tabu MMAX PACO PSO
Yield  Cea-tabu tcatapu Random  SPT LPT NEH Cp Cea Yea  tea  Csa Vsa tsa  Crabu Veabu  trabu  Cmax Ymax  tmax  Gpaco Ypaco  tpaco  Cpso Ypso  Tpso
(%) (min) (s) (min) (min)  (min) (min) (min) (min) (%) (s) (min) (%) (s) (min) (%) (s) (min) (%) (s) (min) (%) (s) (min) (%) (s)
90 1155.6 381 1170.0 1170.6 1158.7 1160.6 1158.7 11556 0.00 722 11580 021 30 11556 0.00 160 11559 0.03 261 11558 0.01 185 11635 0.68 7
80 1001.0 333 1015.7 10119 10044 1008.0 10044 1001.0 0.00 635 1001.0 0.00 31 1001.0 0.00 155 1001.2 0.02 226 10014 0.04 160 1008.8 0.78 7
70 901.3 294 914.7 910.7 9054 906.8 9054 9013 0.00 674 901.2 -0.01 30 901.3 0.00 151 901.8 0.06 203 901.8 0.06 143 909.5 091 6
60 773.7 276 787.9 7815 7783 7814 7783 773.7 0.00 553 775.1 0.19 28 773.7 000 146 7740 004 173 7739 0.03 122 781.8 1.04 6
50 677.8 261 691.0 685.7 681.8 683.1 681.8 677.8 0.00 488 6856 1.15 26 677.8 000 143 678.0 0.02 150 6779 0.02 106 685.7 117 6
40 519.2 182 531.9 527.2 5238 525.7 523.8 519.2 0.00 359 526.2 135 24 519.2 000 138 5196 008 116 5194 0.05 81 526.9 149 6
30 405.9 150 419.0 413.8 4113 4119 4113 4059 0.01 334 4058 -0.01 22 405.9 0.01 133 406.2 0.08 89 406.0 0.05 63 413.5 190 5
25 348.6 150 367.3 358.8 356.1 3573 356.1 3486 002 419 3516 086 21 3486 000 130 3489 0.10 76 3489 0.09 54 3589 297 5
20 309.7 128 332.8 319.7 3193 3144 3144 309.7 0.00 386 2926 -5.52 20 309.7 0.01 129 309.8 005 69 309.8 0.05 48 313.6 125 5
15 2473 104 290.7 268.2 2672 2729 2672 2514 1.65 649 2614 569 19 2479 021 124 2512 155 48 251.7 178 34 2730 1037 5
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Table 4

Makespan comparison at different binomial yield scenarios for job 60.

Jobs 60

GA_Tabu OHR GA SA Tabu MMAX PACO PSO
Yield  Coa-tabu tca-tabu  Random  SPT LPT NEH Cp Coa Yea  tea Csa Ysa  tsa  Cabu Veabu  trabu  Cimax Ymax  tmax  Gpaco Ypaco  tpaco  Cpso veso Tpso
(%) (min) (s) (min) (min)  (min) (min)  (min) (min) (%) (s) (min) (%) (s) (min) (%) (s) (min) (%) (s) (min) (%) (s) (min) (%) ()
90 1707.1 961 1726.0 17306 17102 17143 17102 1707.1 0.00 1670 17109 0.23 25 1707.1 0.00 527 1707.2 0.00 876 17073 0.01 618 1718.7 0.68 17
80 1503.7 838 1521.8 1519.5 1508.0 1510.8 1508.0 1503.7 0.00 1245 15133 0.64 23 1503.7 0.00 511 15039 0.02 773 1503.7 0.00 542 15144 071 17
70 1323.1 792 1341.1 1335.8 1328.1 1329.8 1328.1 1323.1 0.00 1549 13345 087 22 1323.1 0.00 495 1323.1 0.00 679 13233 0.02 475 13343 0.85 16
60 1192.7 694 1210.2 12013 11973 1199.6 11973 1192.7 0.00 1091 1203.0 0.86 19 1192.7 0.00 483 11929 0.02 612 11928 0.00 427 1203.6 092 16
50 960.6 517 977.2 967.4 9648 967.3 964.8 960.6 0.00 980 9708 1.06 18 960.6 0.00 466 9609 0.04 487 960.8 0.02 339 9715 1.14 15
40 794.1 433 811.1 8014 798.6 800.5 7986 7941 000 771 8048 135 16 794.1 000 452 7944 005 401 7943 0.03 278 8055 144 15
30 566.7 324 586.4 578.0 5755 577.2 575.5 566.7 0.00 726 570.1 0.60 14 566.7 0.00 431 566.7 0.01 282 5669 0.04 197 5789 215 15
25 472.7 284 502.6 486.1 4822 4894 482.2 4728 0.03 858 4852 2.66 13 4727 0.01 421 472.8 0.04 240 473.1 0.10 166 4909 3.86 15
20 4173 281 462.3 4458 4441 4523 4441 4192 044 1384 4348 4.18 11 417.8 011 417 419.8 0.60 216 4211 090 149 4500 7.82 14
15 367.7 212 454.9 400.2 3994 397.2 397.2 370.0 061 1595 386.7 5.16 10 368.7 0.28 411 3737 162 162 3745 183 112 389.8 6.00 14
Table 5
Makespan comparison at different binomial yield scenarios for job 80.
Jobs 80

GA_Tabu OHR GA SA Tabu MMAX PACO PSO
Yield CCA—mbu tGA-tabu Random SPT LPT NEH CB CGA Vea tca CSA Vsa tsa C[abu Vtabu Lrabu Cmax Ymax Emax Cpaco Vpaco [pacu CPSO Vpso Tpso
(%) (min) (s) (min) (min)  (min) (min)  (min) (min) (%) () (min) (%) () (min) (%) (s) (min) (%) (s) (min) (%) (s)  (min) (%) (s)
90 2274.0 1851 2297.0 2305.3 2277.7 2282.8 2277.7 22740 0.00 2502 22884 0.63 49 22740 000 1210 22744 0.02 2084 22742 0.01 1474 22890 0.66 34
80 2035.1 1731 2056.4 2055.0 2038.8 2043.7 2038.8 2035.1 0.00 2722 20496 0.71 47 20351 0.00 1174 20353 001 1857 20351 0.00 1309 2049.2 0.69 33
70 1805.3 1659 1827.3 1818.1 1809.8 1813.3 1809.8 1805.3 0.00 2053 1819.6 0.80 43 18053 0.00 1139 18054 0.01 1648 18053 0.00 1158 1819.7 0.80 33
60 1539.1 1352 1561.2 1547.4 15444 1547.7 15444 1539.1 0.00 1767 1553.1 091 39 1539.1 0.00 1098 1539.3 0.02 1393 15393 002 978 1553.1 091 32
50 1329.6 1130 1351.3 13389 13350 1337.7 13350 1329.6 0.00 1726 13445 1.12 36 13296 0.00 1074 1329.7 0.00 1205 1329.8 0.02 844 13436 1.05 32
40 1040.5 864 1061.9 1053.1 10509 1050.0 1050.0 1040.5 0.00 1109 1055.0 139 32 1040.5 0.00 1034 1040.7 0.02 954 1040.8 0.03 660 10547 136 31
30 834.9 708 855.2 844.0 8415 8435 841.5 8349 0.00 1262 8488 1.67 28 8349 0.00 998 8349 0.00 744 835.0 0.02 521 8485 1.63 31
25 675.1 601 703.1 688.1 6843 685.3 6843 675.1 0.01 1315 6955 3.03 26 675.1 0.00 967 6752 0.03 610 675.5 0.07 426 6938 2.78 30
20 588.5 529 639.0 616.3 6149 625.6 6149 5889 0.07 1997 6245 6.12 24 588.5 0.01 954 589.2 0.12 543 590.0 025 374 623.0 5.86 30
15 484.2 392 727.8 517.1 517.2  525.1 517.1 487.1 0.59 2126 504.0 4.08 21 4846 007 931 4919 159 366 4928 1.76 253 5155 6.45 30
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Table 6

Makespan comparison at different binomial yield scenarios for job 100.

100

Jobs

SA Tabu MMAX PACO PSO

GA

OHR

GA_Tabu

Tpsa
(s)
58
58
57
57

Vpso

(%)

tpaco CPSO
28444 0.63

(s)

Vpaco
(%)

tmax Cpaco

(s)

Vmax
(%)

Lrabu Cinax

(s)

Vtabu
(%)

tsa Crabu

Vsa
(%)

Csa

tea

(s)

Y6A
(%)

SPT LPT NEH Cp
28324 2826.8 0.00 4002 2845.0 0.64 31

Random
(min)

LGA-tabu
(s)

Cea-tabu

Yield

(min) (min) (min)

(min)

(s)

(min)

(min)  (min)

(min)

(min)
2862.2 28324 2837.3

(min)

(min)

%)
90
80
70
60
50
40
30
25
20
15

2851

01
01
01

0.

4053 2827.0
3636 2537.7
3229 2257.1

2769
2257

00
00
01
01
01
01
02

00 2328 2826.8 0.
00 2261

00

00

00

00
00

0.

2826.8

3402 2853.9

2826.8

0.68

2546 2554.8

0.

0.

2537.5

25375 0.

28

2260.5 2257.0 0.00 3459 2274.6 0.78 25

25408 2537.5 0.00 3250 25555 0.71

2563.0 2540.8 2547.1

2273.1

2564.6

3348
2734
2294
1868
1711

2537.5

2253 22746 0.78

1920
1568
1308
984
882
728
511

0.

0.

2193 2257.1

2117
2041

0.

2257.0

2260.5 2267.2
1941.8

2282.2

2257.0
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1954.0 0.91
1599.9

0.02
0.01
0.00
0.02
0.03
0.45
2.20

1936.7

0.

1936.6

19364 0.

22

2389 1954.0 0.91

1936.4 0.00
2454

1941.8

1946.1

1946.5

1961.2

1936.4

1.07
1.33
1.74

1583.1

0.

1583.0

15829 0.

18
16
12

1600.4 1.10

1582.9 0.00

1589.2 15935 1589.2

1593.5

1608.7

1582.9

1349.4

1331.7

1886
1405
1258
1055
740

1988 1331.7 O.
1900
1870

1825
1783

0.

1331.6

1.39
1.74
2.36

2183 1350.1

1780
1760
2952

6164 0.94 3151

1331.6 0.00

1338.1 13413 1338.1

1342.0

1357.6

1331.6

1030.2

1012.8

0.

1012.7

0.

1012.6

1030.1

1012.6 0.00

1017.4 1022.7 10174

1023.4

1039.1

1231
1153

961

1012.6

55

9193 217
778.9

900.0

0.03
0.04
1.40

900.0

0.00
0.00
0.25

899.8

908.9 899.8 0.00 921.1

911.0 9089 911.0

929.1

899.8

54
54

5.83

736.3 739.3

736.0
612.1

7832 642 9
6343 3838 6

7593  736.5 0.06

646.9

759.3 770.0

759.7
646.9 652.7

648.5

792.8

736.0
610.6

648.9 6.27

624.1

619.2

711.5

681

is better than the benchmark, while a negative one denotes the GA-
Tabu is worse.

From Tables 2-6, we could see that all y, ranges from 0% to 10%.
Thisindicates that the GA-Tabu outperforms all the benchmark algo-
rithms, in terms of solution quality. Notice that this merit appears
more impressive in low-yield scenarios than in high-yield scenarios.
The GA-Tabu is relatively computationally extensive. However,
compared to the TS and the GA (the 2nd and 3rd best ones in terms
of solution quality), the GA-Tabu is faster computationally.

The experiment results indicate that the proposed GA-Tabu has
its merit—in particular in a low-yield scenario. With in-line step-
pers as the bottleneck of a fab, even a 1% increase in the in-line
stepper throughput would have a substantial positive impact on
gross margins.

6. Concluding remarks

This study examines a scheduling problem for a semiconductor
in-line stepper, with makespan as the performance criterion. We
propose a meta-heuristic algorithm, called GA-Tabu, to solve the
problem. Seven other scheduling algorithms are compared with
the GA-Tabu by numerical experiments. Experiment results indi-
cated that the GA-Tabu outperforms all the benchmarks in terms
of solution quality. This merit is in particular more impressive in
low-yield scenarios.

One extension to this research is the scheduling of two or more
in-line steppers. Such an extension would involve one more deci-
sion-making—how to allocate jobs to each in-line stepper. Another
extension is the configuration design for an in-line stepper, for
example, determining the optimum number of ports.
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