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A CVD Epitaxial Deposition in a Vertical
Barrel Reactor: Process Modeling Using
Cluster-Based Fuzzy Logic Models

J. C. Chiou and J. Y. Yang

Abstract—A chemical vapor deposition (CVD) epitaxial deposi- techniques to build empirical models. These models then form
tion process modeling using fuzzy logic models (FLM'’s) has been the basis for process optimization and control.

pro.posged. The process modeling algorithm qonsists of a cluster Since Sugeno first introduced the FLM concept in 1985,
estimation method and backpropagation algorithm to construct a hich is k the S ¢ FLM b f
number of modeling structures from the training data. A decision which 1S known as the sugeno-type » @ number o

rule based on the multiple correlation factor is used to obtain the researchers have successfully applied his concept in modeling
optimum structure of fuzzy model using the testing data. Upon and control [1]-[3]. Various approaches have been developed
the optimum structure has been reached, the gradient-descent g identify a FLM for a given process. However, because of the
method is used to refer the parameters of the final fuzzy model ., 5 axity of obtaining the structure of membership functions
using both training and testing data. The _algonthm_has been dit di i in ELM. Th h
applied to a nonlinear function and a vertical chemical vapor andiis corresponding parameters in ' _ese appr_oac .
deposition process. The results demonstrate the efficiency and€eéncountered drawbacks such as lack of efficiency during the
effectiveness of the proposed fuzzy logic model in comparison modeling process, and fail to accurately predict their behaviors
with existing fuzzy logic models and artificial neural network after the process has been identified. Thus, a more efficient and
models. effective algorithm is needed in modeling the semiconductor
Index Terms—Chemical vapor deposition (CVD) modeling, manufacturing process.
clustering estimation method, fuzzy logic. To identify an FLM for a process, there are two major
tasks: structure and parameter identifications, where each of
these consists of premise and consequence parts. In principle,
) _ _we cannot separate the structure identification from the pa-
PR_OCES_S modeling and control are essential to h',grjameter identification since they have a mutual relationship.
yield, high quality, and low cost manufacturing in today'sr the identification of Sugeno-type FLM's, Yager and Filev
compgtltlve sempopductor market..W|th the device deS|gr[1§] developed an alternative approach by transforming the
shrinking to a minimum feature size of 0.1Jam by the rohiem of structure identification to estimation of distribution
year 2001, the process-control requirements will be MOg jnn it space in which the concept of sample probability
stringent and the attainment of higher yield will requirgjsyribytions was introduced. This approach allows us to
the process engineer to control variability at each of gty the problem of structure identification by replacing
many processing steps in the microelectronics manufacturig@ntification of membership function of input variables with
processes. To achieve this, all the input variables controllifgs iification of the centers of cluster-like regions. However,
the desqec} output |r'1 a given process ”eefo,' to be understqﬁg resulting identification algorithm still depends heavily on
and optimized for tighter control. In addition, the procesg .qniinear optimization procedure. Wang and Langari [5],

controller must be quick and responsive to the variations of t suggested a different approach in building Sugeno-type
input parameters. Thus, designing an effective process con{ph ;<™ Their approach used both the fuzzy discretization

technique satisfying these requirements is a very chalIengi@thique to determine the premise of the model and an

job. ' . , ) orthogonal estimator to identify the consequence of the model.
The first step in meeting these challenges is the developmigm\lmng and Woo [7] utilized a fuzzy c-means clustering and

of an accurate model to describe the process. For SOER hyprid scheme to identify the structure and the parameters
processes, it is possible to determine the mput(s)—outputgﬁ)an FLM

relationship through physical or analytical models. However, Most of the algorithms mentioned above have been de-

for many semiconductor manufacturing processes, physi¢aioneq for systems that can generate significant amounts

models usually use many simplifications and assumptiogis training data. An FLM trained by a large number of

which limit the model's accuracy and effectiveness. An aFéndome generated data can usually model the system's

tractive alternative is to use neural network or fuzzy logifenavior accurately. For the process modeling and control,
Manuscript received March 11, 1997; revised June 26, 1998. however, the data generation takes time and money, thus
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a result, the structure identification scheme is a critical concern - T -
that demands a detailed study.

There are two important factors in developing an efficientq |
structure identification scheme. One is the computation time,
and the other is the criterion to choose an optimum structure.
For a good-structure-criterion, most of the studies used the
multiple correlation coefficientiz?, to establish the correlation
between the training data, the sample mean data and the output
of the employed identification scheme. For a given structure,
the parameter identification process will determine the right
coefficients to model the given processkff = 1, it represents
that the model fits every data point perfectly. Thus, for a case
where a lot of data is available for training, a good model that
fits the data well is reasonably expected. By using this model,
we can predict the system behavior at nontraining parameter
settings. However, for the case with a limited number of
data, this expectation is questionable. Thus, a more rigorous
criterion should be defined in order to obtain a good modelf'9- 1. Gaussian type membership function.

In order to obtain a sufficient model from a limited number
of data, an FLM for the process modeling and control is prgo be bell-shaped or triangle-shaped with a maximum value
posed in this paper, the process modeling consists of a cluggual to 1 and minimum value equal to 0. In the present

estimation method and gradient-decent method to constrdeielopment, the Gaussian-type membership function is used
a number of modeling structures from the training data. And given by

decision rule based on the multiple correlation coefficient is
used to obtain the optimum structure of the fuzzy model. Upon i 2
the optimum structure has been reached, the backpropagation Al(z) = exp [_ <m) ] 1)
algorithm is used to refine parameters of the final fuzzy model
using both training and testing data. This algorithm has been

applied to a nonlinear function and to a vertical chemical vap@ere ¢ and ¢! are called location and shape parameters

deposition process. By comparing with other process modeliggich need to be determined. As shown in Fig. 1, each of

methods (both ANN and fuzzy), the proposed FLM has th@iere parameters has its physical meaning, i.e., the location

advantages of simplicity, effectiveness and high predictiygyrameter determines the center of the corresponding mem-

accuracy. bership function and the shape parameter is the width of that
membership function.

(o) C C+0

Il. Fuzzy LoGIC MODEL

In generally, there are two methods in developing an FLNB. Rules and Internal Functions

One is the relat|_on.al matrix methodology u;ed by Pedrycz [9], |, Sugeno type’s FLM, théth rule is defined as follows:
[10]. The other is in the form of fuzzy relations suggested by
Takagi and Sugeno [1], which uses internal functions instead
of fuzzy sets to generate the output of the model. The secof s _
approach results in higher accuracy in modeling and requires x is Fy, then the rule output is

less cal_culation during computa_tion [11.]. An.FLM consist; of fi(xl, Tg, oo, Tp) = pg +P7i$1 +p§x2 4o +p§;xk
four major elements: membership functions, internal functions,
rules and outputs. A brief description of these four eIementﬁ1

v Where
if given as follows.

x1is F, andz, is Fi and --- and

F! is fuzzy set. The outputf‘(zi, za, -, =)
of the ith rule is the internal function with parameters
ph, pb, ph, -+, pi. needed to be determined. With respect to
each rule, the membership function and the internal function
The membership function calculates the membership graate used to determine the rule’s output. The use of several
ing for any given value of the input variable. The ranges afiternal functions accounts for the “fuzziness” of the FLM.
all the input variables are transformed intel, 1] domain For a crisp logic analysis, like a regression model, a single
in order to ease the proceeding development of the propogadction such as:th order polynomial is used to represent
algorithm. Note that the membership grading are ranged frahe system’s behavior. Instead of using a single function,
0 to 1; where “0” means no contribution of that variable anthe FLM uses several functions to cover the input range. As
“1” means a full contribution of that variable. For tii rule, a result, the representation of the system is the integration
the membership functiond;(x;), calculates the membershipof those functions rather than a single crisp correlation. Such
grading for input variables;; (I = 1, 2, -- -, k), wherek is the integration is truly fuzzy, and the fuzzy integration can actually
number of the input variables. Generally, we choeéz;) correlate nonlinear behaviors accurately [11].

A. Membership Functions
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C. Output we consider each data point as a potential cluster center and

The output of the FLM is the weighted average of th8€fine a measure of the potential of data painas

rule outputs. In the present development, #mel operator is m 4
replaced by the product operator. The weight of each rule’s vV = Z exp <__2||$i _ xj||2> (5)
output is assumed to be the product of the gradifyz,), = "a
Ab(xa), -+, AL(xs), which can be substituted by using a
Gaussian type membership function: where||.|| denotes the Euclidean distance ands a positive
constant. The measure of the potential for a data point is related
w' = Al (x1) x Ay(wa) X --- x Al(zp) to the distances to all other data points. Note that the more
k i 2 distances between two neighboring data points that exceed the
1 Ly — ¢ ; . .
= exp l—§ < ; ) (2) constantr,, the less effect in measuring the potential. On the
=1 % other hand, the larger of the constagt the less effect on the
- . ) neighboring points which yield more cluster centers. Initially,
where: is the index of fuzzy rules; = 1,2, ---,n, and . constant, is used to define the radius of a neighborhood
n is the total ”””_‘ber of rules. Thus, the weight average Pﬂat consists of a set of training data points. Applying the
the_ rules output yields (3), shown at the bottom_ of thg Pa98uster estimation method which consists of a set of potentials,
Wh'Ch rgpresents the model output cqr.respo.ndlng to;the V;, to the training data, the number and the location of cluster
input pair(zy;, 25, - -, ?jkj)'.NOte thatj is the index of data enters are found. Note that, after the potential of every data
set. The model output given in (3) can be used to calculate
membership and internal function’s parameters by compari
with the given data. When the model is established, i.e., t

§int has been calculated, the data point with the highest
parameters are obtained, it can be used to predict new respjt

Btential is chosen to be the first cluster center. As concluded
Chiu [12]: “When we apply the cluster estimation method

by giving new inputs. The total number of parameters of trbes

membership functions and internal functions to be solved .

% collection of input/output data, each cluster center is in

sence a prototypical data point that exemplifies a character-
. :  SOVedilSic behavior of the system. Hence, each cluster center can be
n X (3 k+ 1)._These, in turn, are determined by MININIZING, 50§ as the basis of a rule that describes the system behavior.”
the square of instantaneous errors between the data and'ltﬁﬁs, the fuzzy rules are chosen to be equal to the number

calculated outputs of the FLM. of cluster centers. As indicated from our examples, the result
of the present coarse tuning process matches the training data

[Il. M ODEL IDENTIFICATION well. When the coarse tuning process is completed, the fine
tuning process of a fuzzy model identification algorithm that
A. Model Identification for Training Data is based on the gradient-descent method is used. Here, we can

E . llecti f crisp training d ' ' then reformulate this problem by using a minimization of the
'or 'a %Ir:/en CI? ec |onto ;:nsp ralcr;lng a(atlga $2Jf7ﬂ'1' " square of instantaneous error between the output of the fuzzy
oxj, ), the unknown structures and parameters of the meﬁggic modely; and the current output reading with respect

bership and internal functions are determined by both t the unknown parameters,, pi, ¢ and o} of the internal
cluster estimation method and gradient-descent method. fctions and membership fl;ncl:;iolns ie !

accuracy of the FLM is given by the multiple correlation

coefficient, R? [3], which is defined as follows: Ej =35 —u;)? = 42 (6)
Z(gj —y;)? Applying the chain rule to (6), we obtain consequently the
) J=1 equations for updating the estimates of the unknown param-
R=1l-—FG— (4) eterspi, pi, ¢ and o}:
> (- 9)?
j=1 i _ i OE;
po(t+1) =po(t) — o api
wherey, is the output of the FLMy; is the data point used () — o Uieo -
for the model trainingz is the sample mean of the data, and Po 0%
m is the total number of data sets. The cluster estimationyi(¢ 4+ 1) = pi(t) — alaEg
method developed by Chiu [12] is used here as the coarse ap;
tuning process of a fuzzy model identification algorithm. Now =pi(t) — arviey (8)

3)

U1y, w25, o0, Tg) = -
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4 ) OF;
At +1) =cj(t) — va—+
I}
=¢(t) — a2v}(py + p171; + PaTa;
R S B
(9)
4 ) OF;
oi(t+1) =ai(t) —as 2
=0;(t) — asvj(py + piT1s + pawa;
; ey = G
+ +pk$kj y])C [O’;(t)]?’
(10)

and

=)

(11)
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and all available data. The most challenging issue for the
final model establishment is the quick identification of an
optimum structure with proper assigned membership functions.
A search algorithm similar to Tan, Xie and Lee’s [14] has
been proposed for the identification of the optimum structure.
This algorithm partitions the available data into training and
testing groups. During the search, the training data are used to
the cluster estimation method and gradient-descent method for
structure and the parameter identification to set up intermediate
FLM’s, and the testing data are used to evaluate these models’
prediction accuracy. The accuracy of the model that fits the
training data is represented Wy?. .., and the one that fits
the testing data is represented By..,. TheseR*'s can be
calculated using (4). The proposed search algorithm provides
the proper constant, instead of the number of membership
functions for each input variable [14]. We start the algorithm
with the smallest constant,, where it usually takes the largest
number of cluster centers, fuzzy rules, and with the most
complex FLM. The model’'s complexity is in general decreased
by incrementing the value of constamt for the cluster
estimation method. The incremental procedure is stopped when
the total number of tuned parameters (3 x k+1) is smaller

where v are the normalized weights of the individual cellsthan the number of available data. The search algorithms can
In the present development, the gradient-descent method?®s summarized as follows.

used to minimize the instantaneous error. Since this method i)
basically a hill-climbing technique, it runs the risk of being

trapped in a local minimize, where every small change

Specify the input variables;, xs;, --
output variablegy;, j = 1,2, ---, k.
Given R% . and Ar,,.

min

-, x;, and the

in 2)

synaptic parameteys, pi, c; ando} increases the square error  3)
function ;. The issue of estimating the initial parameter is 4)
crucial in this method. Another important issue is the number
of fuzzy rules. In order to resolve these issues, the clusters)
estimation method is used to obtain an initial estimation of the
membership functions and internal functions of the fuzzy rules
from the training data. Note that, the initial estimations of the
parameters:, pi are the coordinates of thi¢h cluster center
(z1;, @55, -+, T%;» ¥f) and, the parameter: is defined as the 6)
width‘from the constant,, of the cluster estimation method, 7)
i.e., 07 = k x r,. By using the results obtained from Chiu and
Yager [12], [13], the parametdr is set to be equal t6/4+/2,
and the parametet: is set to zero. As mentioned previously,
in the present process modeling, the number of fuzzy rules i39)
set to equal to be the number of cluster centers. The method is
used extensively to update the parameters of the model until
R? > R? . . Note that the criterio?? > R? . is to assure
that the FLM fits the training data accurately.

Given the initialr, and training data, the present identifi-
cation procedure consists of a coarse and fine tuning process
that can be applied to establish a fuzzy rule. Note that, the
structure obtained from this procedure is by no means a
optimum structure with correct membership functions. We will
deal with this issue in the next section.

8)

Provide the training and testing data.

Begin the search algorithm and set up the constant
T = Ar,.

Use the cluster estimation method and gradient-descent
method to identify the FLM from training data until
R? . > R? . issatisfied. Test the corresponding FLM
structure by using the testing data and record fije,
as Rt2€5t(7)0«)'

Increase the constant with Ar, and execute step e).
Repeat step f) until the total numberofx (3 x &+ 1)
parameters less than the numbemeofavailable data.
Select the constant, that is corresponding to the
maximumRZ. ,(r,) as the optimunr,, i.e., 74_optm-

Set up the constant, = 7, _optm — 0.8Ar, and repeat
step e), f), g), and h), but in step f) the incremext,

is changed to 02,

10) Upon ther, ., has been reached, the cluster estima-

tion method is used from training data and the gradient-
descent method is used to refine the parameters of the
final fuzzy logic model using both training and testing
data.

"o obtain the optimum structure, instead of identifying the
number of fuzzy rules, we accomplished the task by changing

the constant, of the cluster estimation method that is used
to automatically identify the proper number of fuzzy rules

B. Final Model Identification

that equal to the number of cluster centers. The advantage of

To establish an FLM with a limited number of data, first, wéhis method is that we can establish the FLM efficiently and

need to identify an optimum structure from many intermediagecurately. During the searcl?

is a necessary condition

min

FLM’s that are obtained from the previous given procedurased to assure the trained model fits the training data well,

Then, the final FLM can be established with optimum structuend k%, _,

is used to identify the structure with the best testing
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results. The incremental constafit-, is an important factor 1

during computations, it determines the number of different . « N y
FLM’s that must be identified. From the observation of our i ]
numerical experiments, the paramet&. = 0.99 and f '”*
Ar, = 0.1 are used by considering both the computer run * * x x

time and the accuracy, the value Bf ;| X2
different modeling process.

For the process modeling, as mentioned earlier, the number x * * X
of data could be limited. Therefore, we have to follow the .
design of experiment (DOE) concept to identify critical input

may be changed for

variables and to generate critical data. Different DOE ap- * * X X
proaches can be found in many text books. However, it is still R
a relatively new concept of partitioning the data into training -1 X1 1

and testing groups. For an efficient model establishment, t8g > Training and testing data.
data should meet the following two requirements.
1) The test result of the model should reflect the model’s
overall accuracy in representing the process.
2) The testing data should be used for the final model
training after the optimum structure is identified.

As a result, the testing data should be distanced from the
training data during the group partition. An example for the
partition is to generate the data using a central composite 05
design and to generate the testing data using the Box-Behnkan g
design. This approach will be later illustrated in our case

studies. 0.5

IV. CASE STUDIES

To demonstrate the capabilities of the proposed FLM, a
two-variable nonlinear function is demonstrated first. Then,
a vertical barrel chemical vapor deposition (CVD) process
is stughed for _the purpose of comparing existing proce]s_.lsg 3. Mesh from the test function.
modeling algorithms.

A. Modeling of a Two-Variable Nonlinear Function

The nonlinear equation studied by Tan, Xie, and Lee [14]
is given by

y = sin(2xy + 4z2) 12)

The domains of the function were ranged betweeh(0 <

r1, 2 < 1.0 For the given function, the training data consists”
of 25 evenly distributed points on % 5 grid, and the testing
data consists of 16 evenly distributed points on ax44
grid which lied between the 5 5 grid. Fig. 2 shows the
arrangement of these points.

In order to model the test function, the final model was
identified using the procedure described in Section Ill. The
predictive capability of the final FLM is obtained by com- X0 fim
puting R]%,,ﬁdict over a large number of data. These data were B _
obtained from the test function consisting of 441 points evenfye- 4. Mesh of FLM from the test function.
distributed on a 21x 21 grid within the domain of interest.

Figs. 3 and 4 plot the curves of the test function and theehaviors. There are three different FLM’'s and an ANN model
corresponding curves from FLM. As shown in the figures, thgere obtained from Schaible [15]. The optimum structure
FLM matched closely to the nonlinear function. If the .., from each FLM was obtained using the method proposed
is equal to 1.0, the established FLM predicts the values by Tan, Xie, and Lee [14], and the optimum structure for
the function at these given 441 points perfectly. Rf;—;:,edict the ANN model was obtained using the method presented by
can be treated as the model’s accuracy in predicting functiovdhng and Mahajan [16]. The first type of trained FLM was
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Adjustable
Nozzle
+7
+ 45 +
10
+9
Gas Inlet
| | /
Heated - — - Bell Jar
eate . - ) . )
. Fig. 6. Deposition thickness obtained points on the wafers.
Rotatina /_ 9 P P
Suscenptor
o TABLE 1
IR Lamps SETTING OF THE CVD MODEL INPUTS
¢ Variable Center Lower Upper | Lower Test| Upper Test | Lower Start} Upper Start
o) Reflectors Namc Level Oper. Oper. Level Level Pt. Level | Pt Level
Wafers Level Level
A Cooling Al LBV 66.0 58.0 74.0 62.0 70.0 46.0 86.0
oolina Alr RBV 76.0 68.0 84.0 72.0 80.0 56.0 96.0
JetX 5.0 3.0 7.0 4.0 6.0 0.0 10.0
JetY 5.0 3.0 7.0 4.0 6.0 0.0 10.0
H2M 45.0 34.0 56.0 39.5 50.5 173 72.5
Gas Outlet H2R 55.0 440 66.0 49.0 60.5 275 825
Fig. 5. Barrel CVD reactor schematic.
TABLE | structure is decided by letting the final number of cluster
TRAINING RESULTS FOR THETWO-VARIABLE FUNCTION y = sin(2x 4 4x2) centers equa| to the number of rules. CIearIy, as shown in
Model Type | Rules(Structure) | g2 Table |, the number of rules needed for cluster based FLM is
FLM Type 1 28(4,7) 0.9633 less than Types |, II, and Ill FLM’s. This reason is that during
FLM Type 11 12(3.4) 0.9339 the process of clustering, the relationships between the data
FLM Type III 36(6.6) 0.9607 point groups and its corresponding cluster centers have been
ANN (2.4.1) 0.9982 established.
Cluster based FLM 7(r,=1.4) 0.9988

B. Modeling a Simulated CVD Process

the most traditional one in which the triangular membership Our second test case, the CVD epitaxial growth of silicon,
function along with the minimum operator was employeds a widely used process for the fabrication of thin solid
These models will be hereon referred to as “Type I.” Thi#ims with applications in the production of microelectronics
second type, hereon referred to as “Type Il,” also made udevices. This study is similar in scope to the artificial neural
of triangular membership functions but employed the producétwork modeling process proposed by Mahagdral. [16].
operator. The third type, hereon referred to as “Type lllfh a reactor, as illustrated in Fig. 6 [17], silicon wafers are
incorporated the quadratic membership function along with tipesitioned in shallow pockets in a “susceptor,” which is a
product operator. For the purpose of comparison, the resultrofiltisided, slightly tapered, silicon carbide coated graphite
four different FLM’s and an ANN model were listed in Table lassembly that is slowly rotated inside a cooled quartz bell
As a result, the cluster estimation based FLM is more accurge. An array of infrared lamps backed by reflectors surrounds
and simple than existing FLM’s and the ANN model. the bell jar. A carrier gas, typically silicon tetrachloride,
Note that, for Types I, I, and Ill FLM'’s, the number ofdichlorosilane, or trichlorosilane, hydrogen, and a dopant such
rules is equal to the product of the two numbers denotirag diborotrichlorosilane, enters through two nozzles at the
the structure. This is due to the fact that we cannot separtdp of the reactor, and is exhausted through a central hole
the structure identification from the parameter identificatiosmt the bottom of the reactor. Each nozzle has two degrees
since they have a mutual relationship. Also, the structure of freedom, one along the vertical axis and the other along
the three-layer ANN is based on Wang's [16] result that ihe horizontal axis. Usually the two nozzles are identically
constructed by giving the number of neurons at each layeriented. The temperature is typically (1050-120D) and
For cluster based FLM, instead of identifying the number dhe ambient working pressure may be either at atmospheric
fuzzy rules, we try to obtain the optimum structure by varyingressure (about 1 bar) or about one-tenth of a bar (reduced
the radius,r,. Once optimumr, is obtained, the optimum pressure mode).
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TABLE Il
THE OPTIMIZATION PROCESS DATA SET 1
Lﬁxpﬁ'# LBV RBV Jetx Jety H2m H2r Tvar

1 66.00 76.00 5.00 5.00 45.00 55.00 7738

2 86.00 76.00 5.00 5400 45.00 55.00 63.472

3 46,00 76.00 5.00 5.00 45.00 5500 1358

2 58.00 84.00 3.00 3.00 34.00 66.00 92.114

23 58.00 84.00 3.00 3.00 56.00 4400 102.026

24 58.00 84.00 3.00 7.00 34.00 4400 105.456

25 58.00 84.00 3.00 7.00 56.00 6600  102.464

46 70.00 80.00 6.00 6.00 45.00 55.00 20947

47 70.00 80.00 6.00 4.00 45.00 5500 8.864

43 70.00 80.00 4.00 6.00 45.00 55.00 4.888

60 62.00 72.00 4,00 6.00 45.00 55.00 4.888

61 62.00 72.00 4.00 4.00 45.00 55.00 4133

An important consideration in epitaxial growth is that the g

deposited layer on the wafers be uniform in thickness. The Star- === oo X2 _ Operatina
available data was generated using a model for the process [17] H S ’I/
developed by Dr. Herb Lord. The model simulates deposition : -1 ‘
of silicon on silicon wafers, and the model output represents ® ®
silicon deposit thickness. This model is a fourth order poly- ! O | O Testina
nomial of two variables and y, which representz, y) —® ) T4l &—
coordinates of a point on a silicon wafer. The coefficients Tes“”‘;'o © ® Center X
of the polynomial equation are functions of the six process ; '
inputs. The six input variables are given as folloul g3V is L. \
the left gas valve readingzBV the right gas valve reading; Operating :

JetX the angular deviations of the gas jets from the horizontal

plane;.JetY the angular deviations of the gas jets from thEig. 7. Training and testing data settings.

vertical plane;H2M the main hydrogen gas flow rate reading;
H2R the rotational hydrogen gas flow rate reading. For a
given recipe, or combination of the six input variables, silicon
thickness is obtained at 15 differeft, %) points, at five points
for each of top, middle, and bottom wafers, as shown in Fig. 5.
The output of the process was the thickness varidhge of
these 15 points is calculated as

>2

15
>
whereT; represents each of the 15 individual thickness, and
T represents the average value of 15 individual thickness.

Table Il gives the operating range levels for the six input
variables along with input levels used to generate testing points
and central composite “star” points which are schematically
shown in Fig. 7.

The case studied here is the simulated CVD process using
all six input variables withrl,,,. as the output variable. Three
training/testing data sets were generated for the six input cases.
These data sets are described as follows.

e Data set 1 (Table Ill) contained 45 training points and A

1

15

T-T

CT’l;ar =
T

(13)

composite start points, one center point, and 32 points
from a one-half fractional factorial two level experimental
design. The 16 test points from a full factorial two
level design conducted at the test levels of the four
variables that have the most effect on the CVD process:
LBV, RBV, JetX, and JetY. The levels of the two
remaining variablesH2)/ and H2R, were held constant

at their value for these 16 test points.

Data set 2 contained 77 training points and 64 testing
points in the six dimensional input space. The training
set included 12 central composite star points, one center
point, and 64 points from a one-half fractional factorial
two levels of experimental design. The testing set con-
sisted of 64 points from a full factorial two level design
at the upper and lower test levels.

Data set 3 table also contained 141 points and was
identical to data set 2 except for the fact that 12 star points
in the training set were replaced by analogous points that
lie at the center of a cube face.

single prediction data set that included 200 random

16 testing points. The training set include 12 centrgoints uniformly distributed throughout the six dimensional
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TABLE IV V. CONCLUSION

TRAINING REsSuULTS FORCVD MODEL USING DATA SeT 1 . -
A new algorithm has been proposed for the efficient es-

Model Type | Rules(Structure) | R, tablishment of a cluster based fuzzy logic model process
FLM Typel | 270(3.3,53,2,1) | -0.4282 modeling. With a limited number of data available, the ac-
FLM Type Il | 24(2,2,32,L1) | 0.8766 curacy of the FLM is strongly depended on its structure. A

FLM Type lll | 24(223,2,1.1) | 09277 decision rule based on the cluster estimation method and the
ANN ©.6.1) 0.7298 multiple correlation coefficient is used to obtain the structure
Cluster based FLM| ~ 7(r,=146) | 0.9651 of FLM. Upon the optimum structure has been reached, the

back-propagation algorithm is used to refine parameters of the
FLM using both training and testing data. This algorithm has

TABLE V applied to a vertical CVD process. By comparing with other
TRAINING ResuLTs FORCVD MODEL USING DATA SeT 2 fuzzy and ANN modeling methods, the proposed FLM has the
Model Type | Rules(Structure) | R° advantages of effectiveness and high accuracy.
predict
FLM Type I 288(3.3.2.2,2.5) | -1.9583
FLM Type I 24(2,2,3,2,1,1) 07469 ACKNOWLEDGMENT
FLM Type Il 72(3,3.4,1.2,1) | 0.9300 .
NN @D 0T The authors would like to thank Professor Y. C. Lee and

B. Schaible of University of Colorado at Boulder for their
helpful comments and suggestions during the development of

Cluster based FLM 8(7,=1.48) 0.9731

this paper.
TABLE VI
TRAINING ResuLTS FORCVD MODEL USING DATA SeT 3 REFERENCES
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Cluster based FLM | 8(r,=2.18) 0.9750 thermally based microelectronic manufacturing processEEE Trans.

Semiconduct. Manufactvol. 8, pp. 219-227, Aug. 1995.
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