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The quality characteristics in the wafer fabrication process are diverse, variable, and fuzzy in nature. How to effectively deal with
multiresponse quality problems in the wafer fabrication process is a challenging task. In this study, the fuzzy technique for order
preference by similarity to an ideal solution (TOPSIS), one of the fuzzy multiattribute decision-analysis (MADA) methods, is
proposed to investigate the fuzzy multiresponse quality problem in integrated-circuit (IC) wafer fabrication process. The fuzzy
TOPSIS is one of the effective fuzzy MADA methods for dealing with decision-making problems under uncertain environments.
First, a fuzzy TOPSIS methodology is developed by considering the ambiguity between quality characteristics. Then, a detailed
procedure for the developed fuzzy TOPSIS approach is presented to show how the fuzzy wafer fabrication quality problems can be
solved. Real-world data is collected from an IC semiconductor company and the developed fuzzy TOPSIS approach is applied to
find an optimal combination of parameters. Results of this study show that the developed approach provides a satisfactory solution
to the wafer fabrication multiresponse problem. This developed approach can be also applied to other industries for investigating

multiple quality characteristics problems.

1. Introduction

Wafer fabrication process plays an important role in the qual-
ity of integrated-circuit (IC) semiconductor components.
The quality characteristics of IC semiconductor components
are diverse, variable, and fuzzy in nature. The design and
development of wafer fabrication process should take many
aspects into consideration as it takes so much time and cost
to solve the quality problem. How to effectively deal with
the multiresponse quality problems in the wafer fabrication
process is important and challenging.

Taguchi method, design of experiments, or response sur-
face method have been helpful and prevailing in the industry
for finding good combinations of parameters for manufac-
turing processes [1]. Traditionally, most such applications are
for solving single-response quality problems and reducing
quality loss and variance. As the demand for a product with
higher quality is increasing, the requirements for product
quality characteristics tend to be multidimensional. Also,
the environment under the various quality measurements

is becoming uncertain and fuzzy. Hence, it is essential to
develop more appropriate methods for solving the fuzzy
multiresponse quality problem.

Several analytical methods have been proposed for deal-
ing with the multiresponse quality problem. In the early
years, the weighted method, regression analysis, desirability
function, or loss function were used to simplify the multire-
sponse problem as a single-response problem with limited
results [2-5]. Recently, more sophisticated methods such as
weighted allocation method, regression and mathematical
programming technique, principal components analysis, data
envelopment analysis, neural network, and grey relational
analysis have been applied to the multiresponse problem with
satisfactory results [6-14]. However, for the multiresponse
quality problem under fuzzy environments, there remain
several issues that need to be further investigated.

Multiattribute decision analysis (MADA) methods deal
with decision problems with known alternatives and have
been applied in assessment and evaluation problems, such as
assessment of design quality [15], evaluation of production



processes [16], and appraisal of software packages [17]. When
the attributes, outcomes, or preferences of alternatives cannot
be certain or crisp under fuzzy environments, such decision
problems can be fuzzy in nature qualitatively and quantita-
tively. Those fuzzy MADA problems need the use of fuzzy set
theory and related soft computing techniques for resolution.

There are several methods that can be used for solving
MADA problems, such as simple additive weight, technique
for order preference by similarity to ideal solution (TOPSIS),
elimination et choice translating reality (ELECTRE), analytic
hierarchy process (AHP), weighted product, median ranking,
linear assignment, and hierarchical additive weighting [18].
Among those methods, the TOPSIS method exhibits several
features, such as flexibility, robust, and stability, that can
be applied to deal with the fuzzy multiresponse quality
problems. In this study, the fuzzy TOPSIS is proposed
to investigate the multiresponse quality problems in wafer
fabrication process. The motivation is that the fuzzy TOPSIS
method can take advantage of normalizing and defuzzifying
fuzzy data collected from multiresponse quality problems
and can utilize fuzzy entropy measures to provide objec-
tive weights for each criterion [19]. Furthermore, the fuzzy
TOPSIS method can be integrated with Taguchi method
to develop an exact procedure for obtaining satisfactory
combinations of parameters.

The objectives of this study are threefold. First, a fuzzy
TOPSIS method with fuzzy entropy weight measure is devel-
oped for the fuzzy multiresponse quality problem. Second,
Taguchi method is combined with the developed fuzzy TOP-
SIS method to select satisfactory combinations of parameters
for wafer fabrication process. Finally, the developed approach
is implemented to show the benefits of improving the quality
problem in wafer fabrication process.

2. Development of Fuzzy TOPSIS Method

The method of technique for order preference by similarity to
an ideal solution (TOPSIS) was proposed by [18] in which the
concept of compromise solution [20] is adopted and served as
proximity to the ideal solution. The TOPSIS method selects
the best alternatives based on criteria in which the distance
to the positive ideal solution is the shortest and the distance
to the negative ideal solution is the longest. The positive
ideal solution is the one with the maximal benefit value
and minimal cost value among all possible alternatives. The
negative ideal solution is the one with minimal benefit value
and maximal cost values. The positive and negative ideal
solutions can be found by way of weighting the normalized
decision matrix. A relative closeness is computed and used for
ranking all possible alternatives by the measure of Euclidean
distance.

The fuzzy TOPSIS method is one of the fuzzy MADA
methods in which the fuzzy set theory is used to modify
the TOPSIS method for decision problems under fuzzy
environments. Fuzzy set theory is applied to provide fuzzy
number for describing any fuzzy subset of responses and
preferences with suitable membership functions. Then, the
developed fuzzy TOPSIS method is applied to rank all
possible alternatives by the criteria of relative closeness to

Advances in Fuzzy Systems

positive and negative ideal solutions. The following is the
detailed procedure for the developed fuzzy TOPSIS method.

2.1. Construction of a Fuzzy Multicriterion Decision Matrix.
Construction of fuzzy decision matrix is the first step for solv-
ing fuzzy multiattribute decision problems. Every alternative
is evaluated under each criterion to obtain its performance
measure. Suppose there are k decision makers, m alternatives,
and # criteria. Each decision maker k can provide one fuzzy

performance measure, ff‘] = (afj, mf.‘j, bil;), under the jth
criterion for the ith alternative, where af‘j is smallest number,
m:.‘j is the medium number, and bf; is the largest number, that

is, afj < mf.‘j < bl’; The k fuzzy performance measures are

summed and denoted as X;; via (1). Then the fuzzy decision
matrix (D) can be constructed as shown in (2) as follows:

~ 1 2 —k
Xjj =X+ X+ + X 1)

omy j=12,...,n (2

2.2. Normalization of the Fuzzy Decision Matrix. In order
to be comparable among each criterion, the collected data
under different criteria should be normalized into the scale
between 0 and 1. At least two ways of normalization can be
used in this purpose, that is, vector normalization and linear
normalization [21-23]. The linear normalization is used in
this study due to its simplicity. The normalized fuzzy decision
matrix R can be obtained via (3) and (4), where 7, is the
normalized fuzzy number:

_ (@ my by +
rif(ﬁ’b_.*’b_f , by =max; {}, (@)
J J J

where g;;, m;;, and b;; are the smallest number, medium num-
ber, and the largest number, respectively, in the membership
function X;; = (a;;, myj, by;).

2.3. Calculation of Fuzzy Weights by Fuzzy Entropy Method.
The entropy method provides a subjective way to estimate
weight measure for each criterion [24]. In this study, the
fuzzy entropy method is developed to assign fuzzy weight
measures to criteria under consideration of fuzzy factors for
the entropy method. First, the original fuzzy performance
measures X;; are normalized as 7;; by (5), where 3?;‘ is the
largest measure number under the jth criterion. In practice,
9?; can be replaced by b;r that appeared in (4). Next, the
entropy measure for the jth criterion, &, is calculated using
(6), where m is the number of alternatives. Then, the fuzzy
weight for the jth criterion, (@ j), is obtained by (7):

om, j=1,2,...,n, (5)
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The intuitive meaning of (6) and (7) used to determine
entropy and weights can be explained as follows. For an
alternative, the larger is the contrast intensity of the ith
attribute, the greater is the amount of decision information
contained in and transmitted by the attribute. Then we can
use a fuzzy entropy measure to show the average intrinsic
information transmitted to the decision maker through the
ith attribute by the definition of attribute importance. The
fuzzy entropy measure of the ith attribute contrast intensity
can be defined by (6). Hence, for the ith attribute, the
larger the fuzzy entropy measure is, the less information is
transmitted by the ith attribute. Then, a normalized fuzzy
weight can be defined by (7).

2.4. Weighting of the Normalized Fuzzy Decision Matrix.
Since each criterion can have different preferences, the
obtained fuzzy weight measures are used to reflect such
facts by multiplying into the normalized decision matrix, as
shown in (8), where the notation ©® denotes multiplication
operations, v;; is the weighted fuzzy number, and V represents
the weighted decision matrix as follows:

Vij

V= [V“j]mxn’

2.5. Numbering and Attributing. One metric used in the
fuzzy TOPSIS method to assess alternatives is based on the
measure of distance to positive and negative ideal solutions,
respectively. The determination of positive and negative
ideal solutions may consider three situations regarding the
characteristics of quality responses, that is, the larger the
better, the smaller the better, and the nominal the better.
To determine the fuzzy positive ideal solution (A", (9) is
used for the response with the larger the better, (10) for the
response with the smaller the better, and (11) for the response
with the nominal the better, respectively, where J, is a set of
benefit attributes, J, is a set of cost attributes, and 7" is the
weighted normalized fuzzy target value:

=Fij®wj, i=1,2,....m j=12,...,n
(8)

i=1,2,....m j=12,...,n

A = (V,%,...7,...,7,)
)
={(max?ij|j € ]1)|i=1,...,m},
A = (7,75, 7),...7))
(10)

{(maxv;1j e 1,)li=1,...,m},

A= (7,7, 0V 7), (11)
where 7] = target value of {v;;} = v".

Similarly, to determine the fuzzy negative ideal solution
(A7), (12) is used for the response with the larger the better,

(13) for the response with the smaller the better, and (14) for
the response with the nominal the better, respectively:

A = (7,05 ¥ s,

(12)
:{(m1nvlj|j€]l)|l—l, ,m},
A = (.75 700 7,)
(13)
= {(max¥; | je),)li=1,...,m},
A = (V7,070 7,), (14)

where

o [min{m}, T, <,

= \max ), i 7,57 )
: ijf > ij :

2.6. Calculation of the Distances to Fuzzy Positive and Negative
Ideal Solutions. Let d; be the distance to the fuzzy positive
ideal solution from alternative i and let c?i_ be the distance to
the fuzzy negative ideal solution from alternative i. Then (16)
can be used to calculate for J;' and Ji_ as follows:

(16)

2.7. Computation of the Fuzzy Relative Closeness for Each
Alternative. Let C; be the fuzzy relative closeness coefficient
for alternative i. Equation (17) can be used to compute
the fuzzy relative closeness coefficient. The fuzzy relative
closeness for alternative i represents the degree of proximity
to the positive ideal solution. If the computed C; value is
close to 1, one can infer that alternative i approaches the
positive ideal solution and it could be the best one among
other alternatives. Otherwise, if C; value is far less than I,
alternative i will not be a good one:

0<C, <. (17)

2.8. Ranking of the Alternatives by the Fuzzy Closeness Coeffi-
cient. The obtained fuzzy closeness coefficients are averaged
and used to rank all possible alternatives. The larger the mode

of C~,‘1 is, the better the alternative i will be.

3. A Case Study

In this study, one of the wafer fabrication processes, the
deposition process, is used as a case study for showing the
implementation of the developed fuzzy TOPSIS method.
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TaBLE 1: L4(2' x 3*) orthogonal table for control factors and levels.
Number (A) Temperature (B) Pressure (C) Nitrogen flow (D) Silane flow (E) Setup time (F) Cleaning method
1 T, - 25 P, —200 N, So — 100 t, None
2 T, - 25 P, N, - 150 S, — 50 to+8 cM,
3 T, - 25 P, + 200 Ny -75 S, t, + 16 CM,
4 T, P, - 200 N, S, — 50 t,+8 CM,
5 T, P, N, - 150 S, t, +16 None
6 T, P, +200 N, - 75 S, — 100 o CM,
7 T, + 25 P, - 200 N, - 150 S, - 100 t, + 16 CM,
8 Ty +25 P, N,-75 Sp — 50 t, None
9 Ty + 25 P, +200 N, So ty+8 CM,
10 T, - 25 P, - 200 N, - 75 S, to+8 None
11 T, -25 P, N, S, — 100 t, + 16 CM,
12 T, - 25 P, +200 N, - 150 S, — 50 o CM,
13 T, P, - 200 N, - 150 S, t CM,
14 T, P, N, - 75 S, — 100 to+8 CM,
15 T, Py +200 N, S, - 50 t, + 16 None
16 T, + 25 P, - 200 N, - 75 S, - 50 t, + 16 CM,
17 T, +25 P, N, S, t CM,
18 T, + 25 Py +200 N, - 150 S, — 100 to+8 None

TABLE 2: Fuzzy weights for each quality response.

Response Fuzzy weight
w, = (0.8286, 0.8052, 0.8081)
w, = (0.0460, 0.0520, 0.0511)

w, = (0.1254, 0.1428, 0.1408)

Defect number
Density
Deposition rate

During the deposition process, three quality responses place
significant effects on the quality of wafers, that is, defect
number on wafer surface, density of wafer, and deposition
rate. The defect number is the type of the-smaller-the-better
response, the density of the-larger-the-better response, and
the deposition rate of the-nominal-the-better response.

During the experiment, six control factors are selected,
that is, deposition temperature, deposition pressure, nitrogen
flow, silane flow, setup time, and cleaning method. Each
control factor has three levels. By the Taguchi experimental
design method, the L 4(2" x 3%) orthogonal table is used to
provide eighteen combinations for this experiment, shown in
Table 1.

For each combination of experiment, three wafers were
randomly selected from one batch of 50 wafers and were
inspected in terms of defect number, density, and deposition
rate on three positions of each wafer, that is, top, central, and
bottom. Experimental data were collected and summarized to
provide a fuzzy decision matrix. The obtained fuzzy decision
matrix is normalized. The fuzzy entropy method is then
applied to estimate fuzzy weights for each quality response,
provided in Table 2. Using the fuzzy weights, the weighted
fuzzy decision matrix is calculated in Table 3.

The fuzzy positive and negative ideal solutions for each
quality response are computed and shown in Table 4. Then,

the distances to the fuzzy positive and negative ideal solutions
for each combination are obtained. The relative closeness
coefficients are calculated. Finally, the calculated relative
closeness coefficients are averaged over each level of control
factors in Table 5 and the best combination of control factors
can be found in Table 6.

4. Conclusions

The quality problems arising in the IC semiconductor com-
ponents are diverse, variable, and fuzzy. The design of wafer
fabrication process should consider many aspects of the qual-
ity problem because it takes so much time and cost to solve the
quality problem. A fuzzy TOPSIS method with fuzzy entropy
weight measure is developed for the fuzzy multiresponse
quality problem. Since during the deposition process in wafer
fabrication, some undesired defect number on the wafer
surface might occur quite often and the variability of the
density within wafers and in-between wafers might be large,
itis essential to investigate those causes and effects to improve
the quality problem. In this study, the deposition process in
the wafer fabrication is used as a case study to demonstrate
the merit of the developed fuzzy TOPSIS method. Results
of this study indicate that the developed approach provides
a satisfactory combination of control factors for the wafer
fabrication process.

There are several opportunities that can apply the devel-
oped fuzzy TOPSIS approach for future study. One can
find that the demand for electronic product with higher
quality is increasing and the environment under the various
quality measurements is becoming uncertain and fuzzy. The
developed fuzzy TOPSIS method can be applied for those
manufacturing processes to solving multiresponse quality
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TABLE 3: Weighted fuzzy decision matrix.

Number Defect number (¥;) Density (v;,) Deposition rate (¥;3)

1 (0.0000, 0.0000, 0.0002) (0.0147, 0.0167, 0.0167) (0.0156, 0.0179, 0.0180)
2 (0.0004, 0.0004, 0.0138) (0.0395, 0.0449, 0.0446) (0.0395, 0.0453, 0.0451)
3 (0.0057, 0.0188, 0.0304) (0.0448, 0.0506, 0.0511) (0.0446, 0.0509, 0.0515)
4 (0.0017, 0.0018, 0.0034) (0.0160, 0.0182, 0.0180) (0.0390, 0.0447, 0.0444)
5 (0.1111, 0.1409, 0.1898) (0.0346, 0.0391, 0.0386) (0.0793, 0.0903, 0.0895)
6 (0.0385, 0.0741, 0.2274) (0.0217, 0.0247, 0.0247) (0.0533, 0.0611, 0.0613)

7 (0.0718, 0.0737, 0.1697) (0.0254, 0.0288, 0.0287) (0.0827, 0.0947, 0.0945)
8 (0.1361, 0.2238, 0.4772) (0.0329, 0.0386, 0.0398) (0.1100, 0.1300, 0.1345)

9 (0.1841, 0.2147, 0.4938) (0.0298, 0.0338, 0.0333) (0.1249, 0.1425, 0.1408)
10 (0.0000, 0.0000, 0.0003) (0.0258, 0.0292, 0.0289) (0.0269, 0.0307, 0.0304)
11 (0.0000, 0.0001, 0.0003) (0.0191, 0.0217, 0.0215) (0.0217, 0.0247, 0.0246)
12 (0.0045, 0.0219, 0.0733) (0.0435, 0.0496, 0.0488) (0.0422, 0.0484, 0.0478)
13 (0.0020, 0.0121, 0.0465) (0.0204, 0.0233, 0.0231) (0.0573, 0.0658, 0.0654)
14 (0.0019, 0.0070, 0.0091) (0.0216, 0.0244, 0.0241) (0.0496, 0.0565, 0.0560)
15 (0.1593, 0.1747, 0.2186) (0.0241, 0.0272, 0.0273) (0.0593, 0.0675, 0.0678)
16 (0.0003, 0.0022, 0.0033) (0.0235, 0.0266, 0.0262) (0.0834, 0.0952, 0.0939)
17 (0.1615, 0.1836, 0.5477) (0.0298, 0.0346, 0.0358) (0.1105, 0.1294, 0.1343)

18 (0.2532, 0.2908, 0.8081) (0.0272, 0.0308, 0.0303) (0.0993, 0.1132, 0.1119)

TABLE 4: Positive and negative ideal solutions for each quality response.

Quality response Positive ideal solution (A") Negative ideal solution (A)

Deposition rate A" = (0.1249, 0.1425, 0.1408) A = (0.0156, 0.0179, 0.0180)

Defect number A* = (0.0000, 0.0000, 0.0002) A = (0.2532, 0.2908, 0.8081)
. — A = 0.0448, 0.0506, 0.0511), if v, > (0.0273, 0.0308, 0.0303
Density A" = (0.0273, 0.0308, 0.0303) b= ) e ( :
A™ = (0.0147, 0.0167, 0.0167), if ¥, < (0.0273, 0.0308, 0.0303)

TaBLE 5: Closeness coeflicients for each combination of control factors.

Number A B C D E F C; m(C))
1 1 1 1 1 1 1 (0.6972, 0.6987, 0.8673) 0.6987
2 1 2 2 2 2 2 (0.7466, 0.7481, 0.8905) 0.7481
3 1 3 3 3 3 3 (0.7517, 0.7413, 0.8896) 0.7413
4 2 1 1 2 2 3 (0.7446, 0.7465, 0.8923) 0.7465
5 2 2 2 3 3 1 (0.5647, 0.5258, 0.7600) 0.5258
6 2 3 3 1 1 2 (0.7280, 0.6673, 0.7075) 0.6673
7 3 1 2 1 3 3 (0.6993, 0.7242, 0.7854) 0.7242
8 3 2 3 2 1 1 (0.5241, 0.3691, 0.4239) 0.3691
9 3 3 1 3 2 2 (0.4140, 0.4063, 0.4063) 0.4063
10 1 1 3 3 2 1 (0.7213, 0.7227, 0.8798) 0.7227
11 1 2 1 1 3 2 (0.7099, 0.7112, 0.8739) 0.7112
12 1 3 2 2 1 3 (0.7478, 0.7334, 0.8600) 0.7334
13 2 1 2 3 1 2 (0.7893, 0.7839, 0.8958) 0.7839
14 2 2 3 1 2 3 (0.7707, 0.7682, 0.9035) 0.7682
15 2 3 1 2 3 1 (0.3764, 0.3999, 0.7198) 0.3999
16 3 1 3 2 3 2 (0.8629, 0.8629, 0.9449) 0.8629
17 3 2 1 3 1 3 (0.4501, 0.4581, 0.3428) 0.4581
18 3 3 2 1 2 1 (0.2495, 0.2479, 0.1063) 0.2479
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TABLE 6: Averaged closeness value over each level of control factors.

Level A B C D E F

1 0.7259 0.7565 0.5701 0.6363 0.6184 0.4940

2 0.6486 0.5967 0.6272 0.6433 0.6066 0.6966

3 0.5114 0.5327 0.6886 0.6063 0.6609 0.6953

Best combination A,B,C,D,E;F,

problems under uncertain environments. Also, one caninves-  [12] O.Kéksoy, “A nonlinear programming solution to robust multi-

tigate the possible benefits for applying different fuzzy MADA
methods for solving the multiresponse quality problems.
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