CHAPTER 4

METHODOLOGY AND EXPERIMENTAL RESULT

4.1. Introduction

techniques. There has been a grov

i@ of gas phase plasma-assisted
etching methods, which, uss,

n_inherently better resolution

capability. Under the gencai ing” we include ion milling,

active species such as atoms
or free radicals from a relatively i 0] ! The active species diffuse to the
=3 olatile products. Several different
reactor configurations are used. }B—@t ases,

. . o
higher pressure discharge (~10-100 times gr
etching methods and etcl

plasma etching is carried out using a

¢) than is normal for ion

occurs predomir irect'chemical reaction. In fact,

ﬁ:bm the plasma in order tﬂjeliminate ion bombardment

the samples can be shie

effects, but this is not alwayssdone. For ionaetching using an inert gas, the physical

process has been ﬂll%s@dngvm @Mﬂ ‘ d’;]nftls ted that the addition of

reactive gases (rea&{ve ion etching) to the ion source.enhances the physical etch rate and
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configuratioh, the substrates are loaded onto the active electrode where ion bombardment

and hence physical erosion contributes to the etching process.
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-4.2. Process Description

In this study, we focus on reactive ion etching (RIE) process. The standard recipe
of etching processes consists of five steps. The first two steps are gas flow and pressure
stabilization. The 3™ step is a brief plasma ignition and surface preparation step. The 4%

step is the main etch of Aluminum Titaniumy Carbide (AITiC), and finally the 5™ step is
“% emistry etch process. A simplified

chamber ventilation. It is note thq@
RIE diagram is shown in Fig. %
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process variables, which plays a roll in RIE process are shown in table 4.1.
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CF, Flow Rate (sccm) Coil Load (%)

Chamber Pressure (mTorr) Coil Tune (%)

APC Angle (Degree) Platen Forward Power (Watt)
Peak-Peak Voltage (Volt) Platen Load (%)

Bias Voltage (Volt) Platen Tune (%)

Coil Forward Power (Watt) \\\ ' / é s

of flake contamination, which
chine are used for a certain
protects contaminate peel off

or Hg*oc&ss variables. Thus, each
batches data is vector of m¥n (628*11). The,data has been collected during most
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database of normal batches by introducing typical variations in the base case conditions.
The resulting etch depth, uniformity of these 20 batches were consistent with variations
one might see during a sequence of industrial batch runs. These quality measurements
define the acceptable quality region of the product. And a “good” or normal batch is

taken to be one which falls under three standard deviations around the mean for each

quality measurements. For each batch operation contains of 3 steps as following.
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1. Startup step - The machine starts to provide chamber to vacuum condition.
Gas flow rate is maintained at set-point but not release into chamber. APC angle
of butterfly valve that use for pressure control is not stable in the beginning.
However, pressure must be stable before gas will be released to chamber. Also
power have not been loaded to platen and coil yet. At this operation, some

parameters are not quite smoo“‘ ' ////

ii.  Processing ?ﬁx 1slpur& ss chamber during electrical
currency is supplie A \

.r‘"‘.b:" AL

After we screen oﬂbad batéﬁ ata based g_ewatlon of product quality.

4.3.1. Principal conaponent model gensz;tlon procedure
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i. Meahland standard dev1at10n calculatlon by time 1nterva1 Due to the unit

By riy e i) Ly
ent “ins of ¢ m hen” we hav provide our

observation data into 2 groups; startup and processing step. At start up step,

some variables are not enabling so the observation values are equal to zero
then we can not calculate the standard deviation. Therefore, there are seven

process variables play a roll in this step such as CF, flow, pressure, coil load,



41

coil tune, platen load, platen tune, APC angle. For processing step all 11

variables will be used for making PC models.

ii. Standardized (scaling) observation data - To generate dimensionless value,
the standardized value is the best selection. The standardized value is a

/}}atlon
iii. Calculate th@n m am%@e and eigenvector by time

interval - At this step.a

PC models are formed.
f/ahd “cuntlative. proportion of each PC and plot

ormally used 80% variability or
aled value of each variable into

distance from mean over its'sta

iv. Calculate “proper

eigenvalue versd$ n

v. Select the mg
depends on cost of i

selected PC models.

vi. Control Liffsit for PC mode We.can find control limit for
each PC by uéj g 20 as our@ observation data. In this
experiment, we usg +/- 3 of standard deviation as confidence level.

AUBINUNINEINT

vii. Modeél adequacy checki by residual analy51s (Q- stat) by time interval
¢

@‘Wﬁﬂ“@ﬂﬁﬂ%ﬂ%@%ﬁﬂﬂ =0

viii. Calculate Hotelling statistics (T) and its control limit at confidence level
99% (a=0.01).
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4.3.2. Test the PC model on additional batch by selecting both normal and
abnormal batch on actual process and the metric is etch depth and uniformity

by a time period.

4.4.Experiment result

4.4.1. PC model*Simulation/fuom 1ia b g data 20 batches, 11 process
input variables'and 628 i als a e generated. The standardized values

and cumulatﬁ ance (Fig. ES), they have the highest
explained variagc&around 80%. Which 17, 2™, 3™ and 4™ principal can be

explﬁ%ﬁﬂ%&%?%&ﬂﬂim 52% and 10.23%,

respectively.
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Figure. 4.3 %Explained Variance
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4.4.3. Principal component control limit generation - The selected PC models are
plotted with their control limitation as shown in below section (Fig. 4.4 to
4.7). We did calculated the control limitation from 20 normal batches.

However, all PC models have to check model adequacy by using Q-statistic
to make sure that selected 4 PCs are fit with on-hand data in item 4.3.1 (vi).

l:l ure 4.4 PrmcxpaWomponent#l
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Figure 4.6 Principal Component#3
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4.4.4. Getting of Model Ad@

.—',——,

perform reg*iual calculation t6 see how fit.

S7S acteristics (20*11%628), ¢, is
estimated ﬁyn norma with zgjo mean and unit variance.

Therefore, ¢ value.at o= 0.01 is egual to 2.325 (see appendix A, B).

AULINENINGINS

Frof this study we can conclude thg the 4 PC m%i;ls are fit with 20

Qﬂ‘mﬁ‘& Hard bebauscof he fesidunlis iff dontrdilinfi (Fig. 4.8).
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Residual

3 R ESTR R

art is suitable for process
s uses for multiple mean

compansonjm all PC . Fmally, the points are
displayed i 1me order rather than a group of data in 1 period, and this
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At least 1 pair of p is not equal

From this study we can conclude that there is no significant difference

among the means of all 4 PC models because all values are within the
control limit.
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correctly 80@ So we wi 0 elzﬂn order to meet the highest

variability and Guse these PC models for process monitoring and control for
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can use the loading to determine which variables are influential in the
formation of principal components, and one can then assign a meaning or
label to the principal component. Unfortunately, there are no guidelines to
help us in establishing how high is high. Traditionally, researchers have

used a loading of 0.5 or above as the cutoff point. For our experiment, most
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of first four loading are less than 0.5. However, we select variable that
shows consistency trend of loading. From the resulting of two additional
batches above, each principal component are reflected different original
variables. From the first four loading, theoretically we must consider the
number of loading of each variable by interval time. But practically, the
number of every loadmw for each variables do show both
positive or negatlvq& }%onsider potential of trend line of
each loading. Heimel;-we oﬂy dﬁn processing operation step. So

W€ can say presents %coil power tuning

(~0.5), plate n power loading (~0.45), bias
voltage (~0 resent chamber’s pressure
(~0.35), voltage (~0.45), bias voltage
(~0.3). Third gprincipal present  chamber’s  pressure
(~0.55), bias volfag (~0'4S‘; (~0.3). And fourth principal

- '3 i‘“ﬂ-

iii. The sﬂected PC moa'elsére it with agt_i process input variables.

iv. There gnd" i

means of all 4 Pgs which mean t 1S no abnormal.
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44.7. Modﬂl validation on two addmonal batches The data of 20 batches were

A T,
tio ase case conditions on ite (i1). Then we

have to check model validation on two additional batches. In this

of tE operation is ran normally

experiment, we select both normal and abnormal batch that show in and out
of control limit based on standard deviation of etch depth. Some process

variables on some batch had been shown out of control limit. But some
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batches are not. Then we applied our PC model to these additional batches as

following procedure.

Procedure of PC Model Validation Checking

1. Plot observation
check normality.

V.

il

vi. Apply sé@e&value of each process variable into selected PC models.

AU INUNINEING

The original process variables of two additional batches, normal and

¢ o v/
lﬁtﬁ, ﬁj ! ﬁmﬁ 8 ‘Tﬁ‘ ﬂch but process
{i iabl ch a bias ;?Ee and peak-to-pe ‘ ‘voltage's ow out of control

on abnormal batch. So the observation data of original variables of two

additional batches that we collected from actual operating are applied into 4
PC models. However, you can find calculation example for standardized
(scaling) observation data, covariance matrix, eigenvalue, %explained

variance and eigenvector in appendix C.
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The result of PC models validation checking by using a 2 batches of
normal and abnormal shows significant difference between normal and
abnormal batch as shown in control chart of PC number 1 to 4 (Fig 4.10 to

4.18).
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Figure 4.12 Principal Component#3 of normal batch



53

10.000
8.000
6.000
4.000
2.000 4
> ; ; (( i l i
2 B oF 4’ wqﬁm ,?X’)“ ’ ‘:USL
- | Sl ==
-4.000
+6.000
-8.000
=10.000
Figure 4.13 P nélpai‘ Co rfent#4 of normal batch
’. Pél
jm———tjSL
‘v 'T-'-LSL

Figure 4.14 Principal Component#1of abnormal

batch




54

e pC2

usL

. | om——) G

¢ PC3

| —] G )

) S|

Figure 4.16 Principal Component#3 of abnormal batch
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Figure 4.17
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vii.  Calculate the résidual of
batch) - This step has-id—éhécl;ﬁ w the-model fit with additional batch data
the same* (. models. Even through the
htrol limit; we can see high
l' an normal batch (Fig 4.19 to
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residual of bé

variation of ¢ sidual n abﬁormal batch rather
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viii. ~ Calculate Hotelling statistics (T”) of additional 2 batches (normal and
abnormal batch).

This step has to test mean of all 4 PC models to the critical value.

We can see high variation of mean in abnormal batch rather than normal
batch (Fig 4.21 to 4.22 N\ ’/

From this-study we cad COQH 4 PC models can effectively

detect the ab Ormals -f'.' machine

QR WASBLILIINLINY
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4.4.8. Interpretation of principal compéhent on two additional batches

i. From the e eve ] bles, we do not see a variable showing

vanables 0 (A DatChr aic :.:,: : DAY C Al -to-peak voltage. Also
‘ i ormal batch show out of

limitation. Bt wc do not see four principal components of normal batch

71 g e
IR T

ii.  The residual plot of abnormal batch shows obviously high variation at
the middle of processing time onward. We can conclude that selected PC

models are fit with on-hand process variables.
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iii.  The mean testing of each PC model to the critical value shows at least
on pair of mean of 4 PCs is significant difference from each others and the

difference can see obviously in abnormal batch rather than normal batch.

I
AUEINENINYINS
RN TUNMING 1AL



	Chapter 4 Methodology and Experiment Result
	4.1. Introduction
	4.2. Process Description
	4.3. Experiment Procedure
	4.4. Experiment Result


