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Abstract

Variation in a plasma etch process is shown to be reduced through design of processing
equipment for effective control. A dual coil transformer coupled plasma etcher was inte-
grated with multiple sensor systems. Full Wafer Interferometry and optical emission spec-
troscopy were used for process monitoring. This information is integrated to a run-to-run
model based process controller which suggests recipe modifications to reduce variation in
the product. Two separate control experiments demonstrate that design of equipment for
control can improve processing performance.

A new method to detect endpoint in plasma etch processes is also presented. A multivari-
ate statistical technique that utilizes continuous broadband optical emission spectra from
the plasma is employed. This technique is found to be sensitive to slight changes in the
plasma emission which we believe signify endpoint. A method to make the technique both
sensitive and robust is also discussed.
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Chapter 1

Introduction - Variation in Plasma Etch

1.1 Problem Statement

In semiconductor manufacturing, as in any manufacturing process, the goal is not to just
make one part that meets specifications, but to make many. Variation both within those
parts and between parts reduces the quality and can impact the yield of the process.
Though processed by the same manufacturing system, all the products will not be identical
but rather can be represented by a quality distribution. The mean of this distribution may
not be on target and can have a wide standard deviation. A more ideal case would be for
the distribution of parts from the manufacturing system to be well centered on target and
have a very small standard deviation. Feedback control can help achieve the more ideal

target in many cases by correcting for systematic disturbances.

24 2
) )
e e
e a,
i > J : L >
a) Target b) Target

Figure 1.1: The quality of parts produced by a manufacturing system can be repre-
sented by a distribution. a) The distribution is wide and the mean is not on target. b)
The distribution is narrow and on target.

Uniformity is an important quality metric in semiconductor manufacturing. Unifor-
mity, or rather, nonuniformity exists on many different levels. There needs to be control of

the quality of a product on a batch to batch basis, usually on the order of 25 wafers. On a
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run to run basis, the wafers need to be processed similarly to produce similar results. Dif-
ferent dies within a wafer need to exhibit similar performance so within wafer uniformity
is of concern. Finally, devices in different regions within a die need to have similar perfor-

mance for the chip to perform properly.

h— () — (O

Between Lots Between wafers Within Wafer Within Die

Figure 1.2: Uniformity needs to be accomplished over many scales

This work makes two key contributions to improve process uniformity on all of those
levels. First is a demonstration of a dual-coil approach in plasma equipment design for
improved process control and process robustness. The second contribution is an approach

to detect endpoint in difficult low open area plasma etch processes.

1.2 Equipment design for process control and robustness

Robust design in semiconductor manufacturing refers to design of a process and pro-
cess equipment that is robust to potential disturbances and hence improves process unifor-
mity. In this work, robust design of process equipment takes on added meaning. The
process equipment is modified and made more amenable to process control. Process con-
trol in this work will refer to feedback of information to enact process recipe changes to
ensure that the product is on target. This is very different from statistical process control
(SPC) that is commonly used in the semiconductor industry, which is a technique for pro-
cess monitoring rather than process control. Run-to-run process control represents a sig-

nificant departure from the assumption that a particular process tool is static and optimal.
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This work will show the implementation of these ideas on a plasma etcher. For better
control of within wafer etching uniformity, a transformer coupled plasma etcher has been
modified for dual coil operation. A Full Wafer Interferometry (FWI) system provides in-
situ measurements of the etch rate at many locations across the wafer. Optical Emission
Spectroscopy (OES) provides information about the plasma state. Measurements from
these sensors are interpreted by a run-to-run model-based process controller to suggest

recipe adjustments that will keep the process specifications on target.

1.3 Plasma etch endpoint detection

A different problem exists in low open area endpoint detection. Another source of
variation in plasma etch processes arises from inadequate or nonexistent detection of end-
point. Endpoint occurs when the film that is being etched is completely removed. Varia-
tion in input material thickness and process variations give rise to overetch and device
damage. Existing methodologies include RF sensors that monitor the change in plasma
impedance and monitoring the change in a one or two optical emission lines [Dalton]. The
RF sensor can be useful if the plasma impedance changes significantly at endpoint but
most modern RF power systems use an automatic matching network which make analysis
of the signals difficult in all but the simplest of cases. The signal to noise ratio in monitor-
ing one or two optical emission lines is very poor and the endpoint detection algorithms
used in these cases often rely on neural network, curve fitting, or feature detection algo-
rithms [Allen]. Many industrial etching processes are not based on any of these sensors
since the signal to noise ratio is so poor and reliability is a concern. Instead, a timed etch

process with an overetch ensures that the etch is complete but at the cost of variation.

This thesis will investigate the use of a wide optical emission spectrum collected at
many times during the etch process to detect endpoint. Use of many optical channels

(1000 or more) can improve the signal to noise ratio. Mathematical algorithms including
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Hotelling’s T? and Principle Component Analysis are applied to the collected spectra in
efforts to determine endpoint. These techniques take advantage of the correlation in many
spectral lines and can amplify the signal to noise ratio. The models will be made robust
through use of Exponentially Weighted Moving Average and Exponentially Weighted

Moving Covariance updates of spectral models of the normal plasma state.

1.4 Organization
The first part of this thesis will develop the dual coil transformer coupled plasma (TCP)

etcher in the context of robust process design. Sensors that enable feedback control on the
dual-coil TCP etcher are then examined in Chapter 3. FWI and OES are presented as well
as the analytical tools used to interpret the data. Feedback process control will be dis-
cussed in Chapter 4. An Artificial Neural Network Exponentially Weighted Moving Aver-
age (ANN-EWMA) controller developed by Smith is examined [Smith, 1997]. Results
from two separate control experiments are then discussed. First, an experiment that uti-
lizes information from just the FWI sensor is presented in Chapter 5. Next, a multi-objec-
tive control system that uses both FWI and OES sensor information is presented in
Chapter 6.

In the final part of this thesis, a new method for endpoint detection is developed and
outlined in Chapter 7. The mathematical basis for process monitoring and detection based
on Hotelling’s T? statistic is discussed. The EWMA and EWMC methodology to allow the
method to be robust yet sensitive is also presented. Test cases are demonstrated, first with
blanket polysilicon etch and then with low open area oxide patterned wafers from a pro-

duction line.

14



Chapter 2

The Transformer Coupled Plasma Etcher

In this chapter, we discuss equipment modifications made to a Transformer Coupled
PLasma (TCP) etch tool to improve process controllability and robustness. In Section 2.1,
a review of difficulties encountered in single coil TCP reactors. An approach to overcome
these limitations based on axiomatic design is presented in Section 2.2. Finally, Section

2.3 presents details of the resulting dual coil TCP etcher design.

2.1 Single Coil TCP

TCP reactors have evolved to be the current dominant design in high density plasma sys-
tems. While parallel plate RF diode systems still serve a purpose in many processes, the
more advanced requirements of anisotropic etching and high etch rate can more easily be
met with high density plasma systems [Keller]. Most of the major semiconductor equip-
ment makers including Applied Materials and Lam Research make variants of the TCP.
The primary method of power coupling in a TCP reactor is inductive ohmic heating. A
flat spiral coil serves as the primary winding in a transformer. Radio frequency (RF) cur-
rent through the coil produces a changing magnetic field which induces a curling electric

field in the reactor according to Faraday’s Law.

_ 3B
VXE = -2 @2.1)

This electric field accelerates electrons which can then transfer energy to other species in

the plasma.

A side effect of inductive heating is capacitive power coupling from the coil to the
plasma. Since the coil antenna is an inductor, there is a voltage drop across it when alter-

nating current passes through. The voltage is not constant along the length of the inductor.
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The peak to peak voltage is highest closest to the power supply and goes to zero at ground.
The coil acts like a capacitor with different voltages along its length. As in Figure 2.1, if
the power supply is connected to the outer tap of the coil antenna, more capacitive power
coupling is exhibited towards the outer periphery of the plasma. Capacitive coupling heats
the plasma nonuniformly. Furthermore, Ventzek et al. has shown that capacitive coupling
induces nonuniform oscillations in the plasma potential [Ventzek]. There are methods to
reduce capacitive coupling in TCPs. A Faraday shield was tested but it was discovered
that plasma initiation is more difficult. Capacitive power coupling, though inherently non-

uniform in TCPs, aids in striking a plasma.

Capacitive Cou

Figure 2.1: Power is coupled into the plasma both inductively and capacitively.
Capacitive coupling is nonuniform since the voltage drop across the inductor is non-
uniform. Inductive coupling is localized because of positive feedback. The plasma
conductivity is increased with increased power.

Inductive power coupling is also not uniform across the plasma radius. The coil
antenna induces a current in the plasma. Electrons are much more mobile than ions so the
plasma current is carried primarily by the electrons, which through ohmic losses, heat the
plasma and transfer energy to ions and neutral species. As more power is coupled to the
plasma, the plasma density increases. This density increase is matched by an increase in
the plasma conductivity since there are more charged species to carry current, and the spe-

cies are more mobile. Current induced in the plasma will favor annular regions of high
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conductivity. This leads to a situation where most of the inductive power is coupled to a
donut shaped “hot” zone, as illustrated in Figure 2.2. Energy then diffuses to the rest of the

plasma by collisions [Ventzek, 1994].
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Figure 2.2: The power deposited in a TCP is localized around the spiral inductive coil
antenna. A toroidal power deposition region can be seen in the above diagram
[Ventzek, 1994).

2.2 Axiomatic Design

Axiomatics, as developed by Suh, presents a way of evaluating manufacturing pro-
cesses [Suh]. Design Parameters (DPs) are the technical specifications for the process and
Physical Variables (PVs) are the process parameters. The DPs can be written as a linear
combination of the PVs. The rate and quality of a process is a function of the process
parameters. In general, the following matrix notation shows the functional relationships
between the process settings and the output of the process. It is not the intention of this
equation to provide a linear model for a general process, but to illustrate how strongly a

design parameter is affected by physical variables.
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DP,| _ |Cy Cyy ... €| [PV, 2.2)
D.;’n .........

The coefficients C; are not represented by actual values but rather by X or O. O’s
show that there is a weak or no dependence of a Design Parameter (DP) on the Physical
Variable (PV) whereas X’s show a strong dependence. For a completely uncoupled pro-
cess, the coefficient matrix is full of O’s except for X’s on the diagonal. Each Design
Parameter can be satisfied by one and only one Physical Variable. A DP can be achieved
without affecting other DP’s. Very few systems are uncoupled. A more common case is
when the matrix is very dense or fully dense. This is representative of a coupled process.
A decoupled process is where the matrix is upper triangular. In this case, the process is
neither coupled nor decoupled. It is possible to achieve a desired set of DP’s through judi-

cious choice of PVs. The progression of designs away from coupled processes to decou-
pled processes can be illustrated the following semiconductor equipment design examples.
2.2.1 Coupled Processes

Engineering is a compromise. This can be seen in manufacturing systems where there
is usually a trade-off between rate and quality. In plasma etching this compromise is clear
in Reactive Ion Etching (RIE) systems based on a parallel plate capacitive reactor. The
density and energy of the ions striking the surface are very important factors that deter-
mine the etch rate and etch quality as represented by a number of metrics including etch
selectivity and ion induced damage. RIE systems behave like diodes, as illustrated in Fig-
ure 2.3. The higher the peak to peak voltage supplied the higher the ion current. Higher
current leads to higher etch rates but higher peak to peak voltages also result in reduced

etch selectivity and more damage since the higher energy ions will physically sputter
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material away, regardless of composition. Throughput of the RIE systems is thus strongly

coupled to the quality of the process [Chapman].

. 1)
Matching
Network

Figure 2.3: RIE plasmas exhibit a diode behavior. The ion current and ion energy
(rms sheath potential) are coupled. The rate of the etch process cannot be increased
without significant loss in quality.

Coupled processes such as the RIE system present difficulties in achieving all of the

design parameters simultaneously.

EtchRate | _ |X X|| Power (2.3)
Selectivity X X||Pressure
The above matrix relationship shows that the RF power delivered to the etcher and the
pressure in the processing chamber both have strong causal relationships on not only the
etch rate (throughput) but also etch selectivity (quality). This is a simplifying approxima-
tion to the capacitively coupled RIE plasma etcher but it illustrates the interdependence of
etch rate and quality.
High density plasma etchers have a number of advantages over the RF diode low den-

sity plasma systems. Of significant importance is that the ion energy (voltage) is not

19



strongly coupled to the ion current so that the etch rate can be increased without signifi-

cant increases in device damage and reduction in etch selectivity.

EtchRate XXX Pressure
Selectivityl = |0 X X|| TopPower (2.4)
Damage O O X||BottomPower

In the framework of axiomatics, this process is considered decoupled [Suh]. It should be
possible to obtain a desired combination of rate and quality through judicious choice of
the process variables. The Transformer Coupled Plasma etcher, according to these design
parameters, is much better at achieving desired throughput and quality than the capaci-
tively coupled RIE system. However, when within-wafer-nonuniformity (WIWNU) is
also considered as a design parameter, the matrix becomes underdetermined and coupled.
As discussed in Section 2.1, there is no direct way to tailor the etch rate uniformity across
the wafer without also impacting other design parameters with the single coil TCP.
2.2.2 Decoupled Processes

Rapid Thermal Processing (RTP) is another example of a manufacturing processes
that can be decoupled by improved equipment design. RTP is a technology that has sup-
planted tube furnace annealing for certain process needs (e.g. very shallow junction for-
mation). The advantages of RTP over tube furnace processing are analogous to those
arising in the replacement of RIE systems with high density inductively coupled plasma
systems. RTP offers reduction in thermal ramp times and processing times over tube fur-
nace processes. The rate can be significantly increased. However, in early RTP systems
with only a single heating element, thermal nonuniformities were common. This arose
because of pattern density and chamber effects which result in nonuniform emmissivities
in the processing system. These problems were eventually solved by using multiple heat-

ing zones and controlling all of the heating elements independently so that the wafer is
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heated uniformly. By adding the extra degrees of freedom in the physical process variable

space, the RTP process was decoupled and easier to control [Schaper].

2.3 The Dual Coil Transformer Coupled Plasma Etcher

The dual coil TCP incorporates an important idea drawn from the Rapid Thermal Process-
ing experience. Multiple heating zones allow for greater robustness and can improve both
within wafer and between wafer processing uniformity. In the modified TCP, two induc-
tive antennae couple power to the plasma, one of small radius and the other of larger
radius. These two concentric planar coils allow for control of etching rate profile across

the radius of the wafer as illustrated in Figure 2.4.
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Figure 2.4: The etch rate profile can be tailored with the dual coil TCP. a) At a par-
ticular power setting, the etch rate towards the center of the wafer is higher towards
the edge. b) At another power setting, the etch rate at the center is lower.

The addition of the extra coil makes the system more robust, though it is still not

decoupled since there are still intermixing relationships between the DPs and PVs.

EtchRate X X X X|| Pressure

Selectivity| _ |0 X X X||InnerPower (2.5)
WIWNU O X X O||OuterPower
Damage 000X Bottom

The idea of using multiple heating zones in plasma processes is not new. Ventzek has

presented simulations of this and similar ideas for TCPs [Ventzek, 1995]. Of scientific
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interest is the work dealing with more than two antenna and phasing the RF generators and
frequencies to provide a beat effect that can sweep the plasma across the substrate
[Yamada, 1996]. Other works have also applied the idea of multiple heating zones to
microwave plasmas [Yasaka]. This thesis will show that the ideas illustrated in those sim-
ulation works can be implemented in a research grade TCP, that such equipment modifica-
tions can be effectively used in run-to-run control strategies. Specific details of our dual

coil TCP implementation are described next.
2.3.1 Antennae

The planar spiral antennae are wound from 1/4” copper tubing. They each have three
turns. The larger coil has an outer diameter of 9 inches while the inner antennae has a
diameter of 5 inches. A diagram of the coils is shown in Figure 2.5. A key issue that this
dual coil system addresses is that process uniformity is a complex function of the process
recipe. Through judicious choice of power settings, the process uniformity can be opti-
mized for different process gases and other recipe parameters. Single coil TCPs lack this
very important ability to optimize the etching uniformity for different gas compositions
and etch applications. Furthermore, the power settings can be adjusted on a run-to-run

basis to compensate for any changes in uniformity.
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Figure 2.5: A representative diagram of copper coil antenna configuration.
2.3.2 Matching Network

The matching network allows efficient transfer of power from the generator to the plasma.
The matching network is an L match AM-10 automatch from RF Power Products. The
antennae coil for each of the coils in the dual coil system has an independent matching
network and power supply. The coil is capacitively coupled to ground by a 50 pF ceramic
capacitor to adjust the impedance of the coil system. This allows the L match to appear
like a Pi match so it can properly match the impedance of the coil system to the 50 Ohm

generator.

23



RF Generator

Figure 2.6: Matching network diagram

2.3.3 Generators

TCP Coil
Inner or Outer

1 s0pF

Two radio frequency generators are used to supply power to the inner and outer coils. The

Advanced Energy 13.56 MHz generator has a maximum power output of 3 kW. The Seren

IPS 11.00 MHz custom generator can supply up to 600 Watts. The generators are con-

nected to the matching networks with type N RF cables. The matching networks are con-

nected to the coils with high current type C RF cables.
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Chapter 3

Sensors

Modifications made to the TCP allow for spatial control of the etch rate. However, with-
out sensors to estimate the state of the process, intelligent control decisions cannot be
made. Two sensor systems are used in this work. Full Wafer Interferometry and spatially
resolved optical emission spectroscopy are both integrated to the dual coil TCP and pro-

vide in-situ measurement of the wafer state and plasma state respectively.

3.1 Full Wafer Interferometry

Full Wafer Interferometry provides measurements of the etch rate at multiple locations
across the wafer during the etch process. This diagnostic sensor is manufactured by Low
Entropy Systems (Brookline, MA). A CCD array records plasma induced emission
through a narrow bandpass filter. The wavelength selected for this experiment was 486
nm. Figure 3.1 illustrated the integration of the FWI sensor system on the dual coil TCP.
Other works have investigated FWI as a technique for robust endpoint detection and etch
rate measurements [Dalton, 1994; Wong]. A review of the physics of interferometry aris-

ing in the etch of polysilicon on oxide over silicon is provided next.

FWI

Wafer

Figure 3.1: The Low Entropy Systems Full Wafer Interferometry system is installed
directly above the TCP coils. A polished quartz plate coated with MgF and sapphire
provides optical access to the wafer surface.
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3.1.1 Physics of Interferometry

Plasma induced emission is both reflected and refracted when it shines on the polysili-
con film on the surface of the wafer. The refracted beam of light follows Fermat’s Princi-
ple which states that light will traverse the route with the shortest optical path length

[Hecht].
For the reflected beam, the angle of incidence equals the angle of reflection. The path
of the refracted beam can be described by Snell’s law.
n;sin®; = n,sing, (3.1)
where n; is the index of refraction for light in the film of incidence and n, is the index of
refraction in the film of transmission. The angles 6, and 6, are the angle of incidence and

refraction respectively.

From Figure 3.2, the optical path length difference between the reflected and refracted

beams is:

Al,,, = 2n,dcos@, (3.2)

opt

where d is the thickness of the polysilicon film. Constructive interference of the plasma
induced emission occurs when the optical path length difference between the reflected
beam and the refracted beam is equal to an integer number of wavelengths of light in the

polysilicon film.

Al,, = mn A, 3.3)

opt
where m is an integer and A is the wavelength of the light. Destructive interference can
also occur when the optical path length difference is a half integer of the wavelength. The

period between signal maxima and minima corresponding to constructive and destructive

interference can be expressed in terms of the thickness of the polysilicon film.
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_ A
Ad pip = 2n,c0s0, 3.4)

The index of refraction in vacuum, n; is taken to be unity. As the film is etched, interfer-

ence of the reflected and refracted beams modulates the intensity of the observed signal.
The time between successive maxima or minima is As. The etch rate can be calculated

based on the periodicity of the signal, e.g.:

Ad
EtchRate = %’ 3.5)

where Adg,, is the thickness of film etched in one period as given in Equation 3.4.

| Reflected Beam
0 1 |

SN

Refracted Beam

Figure 3.2: The physics of thin film interference for etching of polysilicon

Full Wafer Interferometry calculates the etch rate at many locations across the wafer
as illustrated in Figure 3.3. Instead of measuring the intensity of the modulated signal with
a single element photodiode, the interference signal is focused onto a CCD array to image
the wafer. The above analysis is performed for each pixel element such that the etch rate at
locations all across the wafer can be calculated. The Low Entropy Systems software pack-
age accounts for lens distortion and non-normal incidence. The periodicity of the interfer-

ence signal is computed with a Fast Fourier Transform. Although the interferometry signal
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is collected in-situ during the etch process, the Low Entropy Systems software calculates

the etch rate at the end of every run.
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Figure 3.3: Data flow with Full Wafer Interferometry [Gower].
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Analysis of the entire CCD array can be time consuming on a 90 MHz Intel Pentium
class computer. Instead, a reduced number of selected sites across the wafer are analyzed.
A concentric ring pattern is chosen that captures radially nonuniformity, as illustrated in

Figure 3.4.

lgadius (mm)

Angle (degrees)
30

180

Figure 3.4: The etch rate at various sites across the wafer is measured with FWI. A
circular ring pattern was chosen to capture radial nonuniformities.

3.2 Spatially Resolved Optical Emission Spectroscopy

Optical emission spectroscopy provides an abundance of data about the plasma. The pres-
ence of excited radicals are observed by distinct spectral features. Different species in the
plasma are observed when an excited electron relaxes to a lower energy state. Since these
species are excited by electron impact collisions, the intensity of the spectral peak is pro-
portional to the electron density as well as the density of the species of interest. Further-
more, the emission intensity for species x depends on the cross section of electron impact

ionization.
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Iemis

= AnenxJ‘pe(E)vcx(E)dE (3.6)
where n, and n, are the electron and species densities respectively. The integral is over all
energies, E, of the electron energy distribution p,, the electron velocity v, and the collision
cross section o, [Dalton, 1994]. From this expression it is clear that the plasma spectrum
represents a set of complex interactions between the concentrations of various species in
the plasma and the electron energy distribution. The spectra is very sensitive to changes in
any of the above quantities. This makes optical emission spectroscopy a good candidate to

provide a sensitive measure of the plasma state.

1 OES

Figure 3.5: A representative diagram of the optical emission spectroscopy system
shows three optical fibers located at a sideport and the top of the reactor.

A spectra is collected during the etch process every 600 milliseconds. For run-to-run
control, the interest is not in the time series behavior of the spectra, but rather the plasma
signature that the spectra provides. For this reason, the spectra during the main etch pro-
cess can be filtered to remove time dependencies as illustrated in Figure 3.6. For the opti-
cal fiber looking through the sideport, the mean spectra is sufficient to average out time
(i.e. for each spectral channel, the average over time of the collected samples). The two
fibers looking down into the plasma observe interferometric signals in addition to the

basic plasma emission signal, so the spectral mode was chosen. The mode for each spec-
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tral channel is the midpoint between the maximum and minimum intensity for that partic-
ular channel. The result of this time filtering is a single spectra with 3000 spectral

channels that is representative of the plasma.
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Figure 3.6: Spectra was collected in time but compressed to provide a single repre-
sentative plasma signature. Three optical fibers were used.

3.2.1 Principle Component Analysis

Even after removing the time component of the spectra, there still remains 3000 spec-
tral channels. The spectra could be modeled directly as a function of process conditions
but this would be computationally intensive. Principle component analysis (PCA) is an
attractive data reduction technique for this multivariate data set. By choosing a new
orthogonal basis set that is a linear combination of the original spectra, the large number
of correlated variables can be reduced. Principle component analysis can be seen as the
projection of p-dimensional spectra onto a reduced principle component space in which
functional modeling can be accomplished more easily [White, 1995].

The spectra during the bulk etch will tend to cluster around a localized region in p-
dimensional spectra space. Since it is very difficult to visualize this space when p is
large, principle component analysis reduce this space to a more manageable number.
Plasma spectra of similar composition will cluster in principle component space as they do

in p-dimensional spectra space.
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channel 2

channel 1

Figure 3.7: Principle component analysis can reduce the number of correlated spec-
tra channels to a much smaller number of principle components.

The mathematics behind PCA can be found in other texts but a basic review is

included below [Wise].

Let X represent a matrix with m rows and n columns. There are n spectral channels and

m samples from a designed experiment. The covariance is defined as:

T

X X 3.7

cov(X) = p——T

when X is mean centered. PCA chooses a set of eigenvectors of the covariance matrix
cov(X)v; = My, 3.8)
where v; denotes the eigenvectors and A, the associated eigenvalues. The eigenvectors are

mutually orthogonal, that is:

vjv; = 0forizj (3.9)

viv; = 1fori = j (3.10)

The choice of this basis set diagonalizes the covariance matrix. The first eigenvector rep-
resents an axis in the n dimensional spectral channel space. When X is projected onto this

axis, the variance along this axis is maximized. The second eigenvector is orthogonal to
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the first and when the spectra are projected onto this axis, the variance along this axis is
also maximized. Successive eigenvectors exhibit similar behavior, with each eigenvector
capturing less and less of the variance in the collected spectra. In this manner, a full set of
principle component eigenvectors can be defined. However, usually much fewer than n
components are retained since the first few capture most of the variation in the dataset.
Statistical tests can be used to determine the number of significant principle components
[Jones].

A truncated set of k principle component vectors still retains the variance in the spec-
tra. Any spectra z can be described as a linear combination of these principle component
vectors and the coefficients represent principle component values.

z2=PCy-v+PCy-vy+...+PC- v te (3.11)
where PC, is the K principle component value and e is the error in the fit. With this tech-
nique, instead of representing a spectra with n channels, a reduced number of k principle

components can be used.
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Chapter 4

Process Control
In this chapter, process control is motivated. We first examine a specific semicondcutor

process where there are systematic disturbances. Process control accepts that there are
those disturnbances but takes corrective action to ensure that product is within specifica-
tions. A model for manufacturing processes is then examined and motivates the need for
process control. Finally, the Artificial Neural Network Exponentially Weighted Moving

Average controller is discussed.

4.1 Why Process Control?

The need for process control arises from systematic variation in the rate or quality of a
manufacturing process. Many processes are not stable and well behaved but rather suffer
from shifts or drifts. For example, a metal sputter deposition process at Texas Instruments
exhibits a steady drift in the deposition rate as wafers are processed. This drift can be quite
significant. When process kits are changed during maintenance periods, the deposition
rate shifts. The drifts and shifts in the process is illustrated in Figure 4.1. With feedback
process control, the deposition process step duration can be changed so that the deposition
thickness can be held closer to target. A good model for the deposition rate is needed for

proper control [Smith, 1997].
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Figure 4.1: Drifts and shifts in the deposition rate are observed in an production pro-
cess at Texas Instruments. An Exponentially Weighted Moving Average Model
tracks the drift and shift [Smith, 1997].

Other semiconductor processes exhibit similar drifts and shifts. In Chemical Mechani-
cal Planarization, as the polishing pad wears away, the removal rate is degraded [Boning].
In plasma etch, as polymer builds up on the chamber walls the boundary conditions are
altered; the plasma changes and so does the etch rate and quality. Use of a static process

recipe in these cases would result in a wide quality distribution for the parts produced.

4.2 Model for Process Control

In a manufacturing process, material is transformed from one state to another. In semicon-
ductor manufacturing, this can involve the removal of thin films, as in etching and chemi-

cal mechanical planarization, the deposition of films, as in chemical vapor deposition and
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physical vapor deposition, or the patterning of thin films, as in photolithography. These
processes can be generalized as systems that requires input materials, a, and are trans-
formed into the final product via a process recipe, u. The resulting product can be charac-
terized by a set of quality metrics such as etch rate or selectivity, summarized by ¥ and
illustrated in Figure 4.2.

Y = ®(u, o) 4.D
This equation suggests that the quality of the product is a function of the process recipe
and other parameters such as material state and properties, as well as the machine state and
properties. In real manufacturing systems there are disturbances that can affect the quality
of the process. The disturbances in the process are observed as variation in the product,
AY . A Taylor expansion of Equation 4.1 shows that variation in the product is a function
of variation in directly controllable inputs such as the process recipe, and disturbances in
the input material and processing machine as well as the sensitivity of the process to those

disturbances.

oY Y

AY = mAa‘F a—A—uAll (4.2)

One of the goals of statistical process control (SPC) is to reduce those disturbances that
cannot be directly controlled, that is minimize Ao. Robust process design tries to mini-
mize disturbances in the process output through operation in a region of parameter space

where the process is least sensitive to those disturbances. Robust process design mini-

: oY
mizes 5--.

Statistical process control and robust process design have proved their utility in the
semiconductor industry [Spanos]. However, for processes that exhibit fundamental drifts

or shifts, these methods fall short in controlling variation in the output. Drifts can be due
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to seasoning of the machine and shifts can be attributed to preventive maintenances or
other non-idealities. Changes in the process recipe can compensate for disturbances to
minimize variation in the output. In feedback process control, Au is varied in order to
minimize AY .
Machine | Output (Y)
Settings (u)

—_—

Parameters: (o) and Disturbances ( Aa )
Input Material
Wafer State and Properties
Machine
Tool State and Properties
(i.e. plasma state)

Figure 4.2: The model for manufacturing processes shows that the rate and quality
of a process is a function of directly controllable parameters such as process recipe
and other disturbances and parameters [Hardt].

4.3 Response Surface Models

The controller in this thesis relies on a model of the process. This model is built from a
designed experiment. The empirical model provides an input-output relationship between
the process recipe and the rate and quality of the process as measured by various sensor
systems. In the plasma etch control demonstrated in this thesis, we utilize the Full Wafer
Interferometry sensor described in Chapter 3, which can provide etching rate information
at multiple locations across the wafer. A Response Surface Model (RSM) can be devel-
oped for each individual site across the wafer. From the designed experiment, a relation-
ship between the process recipe and the etch rate at each site is obtained. All the site
models are then incorporated into a model for nonuniformity. Guo and Sachs suggest that
this Multiple Response Surface model for nonuniformity is more robust than modeling

nonuniformity directly [Guo].
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4.4 The Artificial Neural Network Exponentially Weighted Moving
Average Controller

Early experiments on the dual-coil TCP reactor found significant non-linearity in the
response surface model for uniformity. The Artificial Neural Network Exponentially
Weighted Moving Average (ANN EWMA) controller provides the ability to incorporate
such complex models with a simple and efficient EWMA model feedback mechanism
[Smith, 1997; Smith, 1996]. A block diagram of the controller is shown in Figure 4.3.
The controller assumes that the underlying process model curvature is not affected by
drifts or shifts in the equipment. Recent measurements are used to shift the constant term

in the nonlinear process model to account for machine drifts or shifts.

Disturbance

SetPoint = . oo

Output

I e

Figure 4.3: Block diagram of Artificial Neural Network Exponentially Weighted
Moving Average controller. The ANN EWMA controller uses information from sen-
sors to adapt nonlinear multiple response surface models to process disturbances.
An optimizer chooses a recipe based on the most up to date model.

The controller model utilizes an approximation to the nonlinear system of the form

yln] = f(x,u,r,n)+b[n], 4.3)
where x, u, and r are vectors corresponding to the process state, process inputs, and neu-

ral network approximation parameters at discrete-time n, respectively. The underlying

response is subtracted from the previous measurement of the output vector, $[n], to

39



obtain a measurement of the offset term

bln] = §lnl- f(x,u,r, n). (4.4)
This is then used to update the previous offset term using an exponentially weighted mov-

ing average (EWMA) of the form

b[n] = W(b[n])+(I-W)b[n-1], where W = diag([wl me. 4.5)

Such an update does not require retraining of the neural network, and thus is computation-
ally efficient.

High weight values (w close to 1) allow the model to react quickly to drifts in the sys-
tem response but run the risk of overreacting to system noise. Low weight values (close to

0) cause the controller to respond more slowly but with better rejection of noise.
4.4.1 Artificial Neural Network Model

The artificial neural network model provides a functional approximation for the multi-
ple response surface models. For each site on the wafer, a general curve is fit to the etch
rate as a function of the process parameters. The neural network model provides the basis
for smooth curve fitting. One hidden neuron layer comprised of tan sigmoid functions are
used in the network [Demuth]. The network is based on a Levenberg-Marquardt back-
propagation technique. This Newton’s Method type optimization provides more efficient
training of the network than a gradient descent routine [Demuth]. A diagram representa-

tive of the neural network is shown in Figure 4.4.
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Figure 4.4: The Neural Network model is comprised of n input nodes, k nodes in the
hidden layer, and m nodes in the output layer. The hidden layer uses tan sigmoidal
functions while the output uses linear transfer functions [Demuth].

A concern with any form of data fitting is underfitting and overfitting. This is espe-
cially true when using neural networks as functional approximations where the physical
basis for functional dependence is not present. Figures 4.5a and 4.5b show two examples

of underfitting and overfitting.
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Figure 4.5: Examples of underfitting and overfitting a neural network model to dis-
crete data points. a) The model does not fit the experimental points well. b) The
model overfits the data points. There are high frequency features in the model that
does not appear in the data [Demuth].

The neural network models for the etch rate as a function of the process recipe was
observed for each site to ensure that underfitting and overfitting was avoided. Underfitting
is representative of too few neurons in the hidden layer and likewise, overfitting is indica-
tive of too many.

4.4.2 Exponentially Weighted Moving Average

The bias layer in the neural network model is well suited for update since it involves con-
stant offsets to the model. An Exponentially Weighted Moving Average is performed on
the bias layer as described by Equation 4.5. The EWMA shifts each response surface
model but retains the functional relationship between the inputs and outputs of the model.

The EWMA update can be visualized with the aid of Figures 4.7 and 4.8. In the first
example, a linear response surface model is used. The original model is developed through
a series of experiments that determine the slope and offset of the model. A target process

output is chosen and a process recipe is calculated from the linear model. Over the period
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of many runs, the EWMA update adapts the model to the drifting processes. The slope of
the model does not change, only the offset is updated. Many experiments are run over a
wide region of parameter space to develop the process model. During operation, a process
operates in a much more narrow region of parameter space. If the slope of the linear model
is changed, there is a very strong risk of adapting the model to process noise and overfit-
ting to the local region. This is avoided by shifting the offset instead of the slope in the
process mode.

A new process recipe can be calculated with the most up to date process model. The

process target defines the output and a linear solution can be found.
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Figure 4.6: EWMA of the offset in a linear model based controller. The model offset
is updated and a new recipe is calculated.

The linear EWMA controller has been successfully applied to many semiconductor
processes including LPCVD and CMP [Sachs; Boning]. In these cases, in-situ measure-

ments were not available whereas in this work, FWI and OES affords an opportunity to
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use sensor data on a wafer to wafer basis to make corrective action if necessary. Sachs,
Hu, and others explored run-to-run plasma etch control in paralle] plate and magnetically
confined plasmas [Hu]. In those experiments, pre- and post-measurement of the film
thicknesses were required to estimate etch rate; thus practical application of the control
was not possible (since the thin film is completely removed during actual etch processes).
In this work we integrate both in-situ metrology and equipment modifications to achieve

effective and practical plasma etch control.

The diagram for the linear EWMA controller can be extended to incorporate nonlinear
response surface models. In the case of the ANN-EWMA controller, the nonlinear model
is represented by the artificial neural network. The model is again shifted through update
of the offset terms as shown in Figure 4.7. In the linear EWMA controller, a new process
recipe is solved through inversion of a linear model. The artificial neural network model
cannot be directly inverted. The process recipe is instead calculated with an optimizer that
will be described in the Section 4.4.3.

With nonlinear models, a single solution is not guaranteed. There may be two or more
process recipes that result in the same process output, or there may even be no solution to
the model. These situations can be avoided through judicious choice of quality metrics
(process outputs) and optimal cost function. By ensuring that the objective cost function is

concave, there is identically one solution to the minimization problem.
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Figure 4.7: EWMA applied to a generalized nonlinear process model.
4.4.3 Optimizer

The best recipe to run next, based on the most up to date model, is chosen with an opti-
mizer that seeks to minimize some overall cost function. The cost function is calculated
from the multiple response surface models in the space of the process recipe. For example,
for a two input space, the cost function is a surface in that space and the optimizer chooses
the lowest point on that surface. This optimization is nonlinear because the response sur-
faces are based on neural networks which have nonlinear process parameter dependencies.
Furthermore, the optimization is constrained because the recipe suggestion should not be
outside of the input space of the designed experiment. Sequential Quadratic Programming
is used to achieve this nonlinear constrained optimization of the cost function. In the appli-

cations of Chapters 5 and 6, the cost functions were well behaved and concave so that
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locating a minima was computationally efficient. The previous recipe is used as the start
point for the optimization since the optimal recipe should not change much on a run to run
basis. Specific details of the cost functions developed for different plasma etch control

scenarios will be presented in Chapters 5 and 6.

One concern with optimization is that the optimal recipe that is calculated may not be
the best recipe in the input space but rather represent a local minimum in the cost function.
Simulations of our plasma etch cost functions show that this is not a significant concern,
however, this issue could be addressed by performing multiple optimizations of the cost
function with random start points. After all of the local minimas are discovered, the lowest
cost is chosen. By using many start points, the chance of falling into a local minimum
instead of a global minima is reduced. Though this method has been implemented in other
optimization codes, it was not used in this work but can be readily incorporated in future

controllers.
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Chapter 5

Process Control on the Dual Coil TCP with Full Wafer
Interferometry

5.1 Research Objective

A key goal of this research is to demonstrate the ability for a model based controller to
optimize etching rate uniformity across the wafer and maintain that uniformity between
wafers. The first experiments involve the manipulation of only two process parameters,
the power delivered to the inner and outer coils. Full Wafer Interferometry is used to mea-
sure the quality of the etching process. Gower has implemented a similar control system
on an AME 5000 plasma etcher [Gower]. In that tool, major equipment modifications
were not made as radial etching uniformity was well controlled by adjustment of the rotat-
ing magnetic field intensity. In this work, we apply the same concept to the dual coil TCP

that was specifically modified to enable effective process control.

5.2 Process Conditions

Power to the inner and outer coils are the only parameters in the process recipe that are
manipulated. Pressure was held constant at 15 mTorr, as was gas flow (120 sccm) and
composition (5:1 of HBr:Cl,). 50 Watts of power to the lower DC bias electrode was
delivered by a 4 MHz RF generator. 150 mm wafers with 5000 Angstroms of blanket pol-
ysilicon over 1000 Angstroms of silicon dioxide were etched. Table 5.1 summarizes the

process conditions.
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Gas HBr:ClI2 (5:1) 120 sccm
Pressure 15 mTorr

RF Bias Power 50 Watts

Electrode temperature 50°C

Inner Coil Power 400-600 Watts

Outer Coil Power 100-200 Watts

Table 5.1: Process Parameters for control with FWI

200 @ . o
50 @@
100 ‘ ‘ ‘

400 500 600
Inner Power (Watts)

Outer Power (Watts)

Figure 5.1: A two input variable designed experiment was performed to model the
etch rate at specific sites across the wafer.

Results of a two variable experiment were used to train an artificial neural network.
The power to the inner coil ranged between 400 and 600 watts at 11.00 MHz while power
to the outer coil changed between 100 and 200 watts at 13.56 MHz. The optimum etch
rate uniformity, in this operation space, is about 1.5% measured at 1 sigma. The experi-

mental design is summarized in Figure 5.1 and Table 5.2.
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Run Inner Power Outer Power
(W) (W)
DEC3 600 200
DEC4 500 300
DECS5 500 100
DEC6 600 100
DEC7 500 200
DECS 400 200
DEC9 500 150
DEC10 | 550 150
DEC11 | 450 150
DEC12 | 500 150
DEC13 | 400 100

Table 5.2: Process parameters and results

5.3 Linear Multiple Response Surface Models

A linear model was trained to the designed experiment to gauge the goodness of fit. This

model had the form:

EtchRate; = a+b-x,+c-Xx,

where EtchRate; is the etch rate for site i on the wafer. x, and x, are the process settings
and a, b, and c are the fitting parameters. A model for the etch rate at the center point was
found to have an R? value of 0.885. This result indicates that it may be possible to use a

linear model for control. Higher order models were evaluated to test the significance of

higher order terms.
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Squares | Freedom | Sque | TRuio | Pvalue
Regression || 1.649 2 0.824 27.064 0.001
Residual 0.213 7 0.030
Total 1.862 9

Table 5.3: ANOVA table for a linear site model [Goodlin]

5.4 Quadratic Multiple Response Surface Models

A quadratic model was fit to the etch rate at a single site on the wafer. This model had the

form:

where the coefficients and process parameters are as defined above. The results of the fit

indicate that the RZ was 0.997, a very good fit. The ANOVA table below summarizes the

2 :
KtchRate; = a+b -x, +c-x,+d -x\x,+e-x|+ f-x;

5.2

results.

Regression || 1.858 5 0.372 314.838 0.000
Residual 0.005 4 0.001

Total 1.862 9

These results indicate that there are higher order effects that the second order model

captures that the linear model does not. A more general nonlinear model could replace the

Table 5.4: ANOVA table for a quadratic site model [Goodlin]

second order model.

5.5 Neural Network Models

A neural network model is trained to the results of the factorial experiment. The etch rate




is measured at 81 locations across the wafer in a concentric circular array. The model
relates the process recipes to the etch rate at each of the 81 locations on the wafer. This
represents a multiple response surface model for the system response. There is a func-
tional relationship between the etch rate at each of the 81 locations and the process recipe.
A block diagram showing the input and output nodes of the neural network model is illus-
trated in Figure 5.2. The neural network model was chosen for its generality. It can be an

approximation to an arbitrary response.

Process Recipie Process Output
uy Inner Coil Power L Vi
| Neural Network |~ 7  Etch Rates
uy Outer Coil Power Model
— Y381

Figure 5.2: Process model for the etch rate across the wafer

The neural network model had one hidden layer comprised of 6 tan sigmoial neurons.
There were two nodes in the input layer and 81 nodes in the output layer. The response
surface from the neural network model for a single wafer site is shown in Figure 5.3. The
goal is to have the response surface for all wafer sites to cross at the same point in process
recipe space; for that particular process recipe, the etch rate at all measured points would
then be equal. Because the system is underdetermined, (we have many fewer control
inputs than sites to be affected), the more realistic goal is to choose a recipe such that the

variation in etch rate is minimized.
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Normalized Etch Rate

Normalized Power to inner Coil Normalized Power to Outer Coil

Figure 5.3: NN Model for etch rate at site 1 (center of the wafer). As the power to the
inner and outer coils are increased, the etch rate increases.

5.6 The ANN-EWMA controller with FWI sensor information
The Artificial Neural Network Exponentially Weighted Moving Average controller incor-

porates the multiple response surface model constructed using Full Wafer Interferometry
data. Each of the site models is allowed to evolve by means of the EWMA of the offset
term as described in Section 4.4. A diagram of the integrated controller is shown in Figure
5.4 illustrating the data flow between the sensor and the controller. Simulations of the
dual-coil TCP suggest a small amount of noise, and in order to test the response of the
controller, high EWMA weights, 0.75, were chosen. Using the most up to date model for
the process, the controller chooses a recipe perturbation that optimizes an objective

defined by a specified cost function.
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Figure 5.4: The integrated controller and sensor shows the data flow between the
sensor and various components of the ANN EWMA controller.

5.7 Objective function

To test the ability of the controller to optimize etch rate uniformity, the objective cost

function chosen was:

min(p - S0 BIRD . (1-B) - Juln] -ur0) ), (5.3)
where all parameters were mean centered and normalized. There are two terms in the cost
function. The first involves the normalized standard deviation of the etch rates. This term
pushes the controller towards maximizing the etch rate uniformity at 81 locations on the
wafer, as measured by FWI, while also seeking to increase the mean etch rate. The second

term involves a minimum recipe change from a setpoint. This ensures that the recipe pro-

posed by the controller does not deviate too far from the setpoint. The weighting factor, J3,
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of the two terms was chosen to be 0.99, based on simulations of the ANN EWMA control-

ler, and takes into account the relative magnitudes of the two terms.
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Figure 5.5: The standard deviation of the etch rate across the wafer is lowest at some
process recipe. This is incorporated into the objective cost function which like the
above hyperplane is concave.

After a wafer is etched, the most recent measurement of the etch rate at each individual
site updates the model. This can be visualized by imagining the response surface in Figure
5.3 shifting up or down. Since each of the 81 response surfaces shifts, the overall objective
function defined by Equation 5.1 changes shape and the minima of that curve is the opti-
mal recipe for the next wafer. For processes with only two inputs, this is easy to visualize,
however as the length of the input vector increases, visualization becomes more difficult.
An extension to higher dimensions involves hyperplanes but mathematically, the proce-

dure is no different.
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5.8 Experimental results
A 50% step disturbance (50 Watts) in the outer coil was introduced during the 6th run in

order to observe the controller response. This offset caused a disruption in the etching
uniformity. With spatial etching rate information from FWI, the controller was able to
observe that the edge of the wafer etched slower and made a process recipe correction
accordingly, as shown in Figure 5.6. After three wafers, the ANN EWMA controller was
able to bring the etching uniformity back to roughly 1.5%. By the end of the experiment,

the uniformity improved to about 1%.

From Figure 5.6 we observe that the mean etch rate was held close to about 2500 Ang-
stroms per minute. The dashed lines show the model prediction of the system response
given no control action. If the controller was not allowed to adjust the process recipe
given the disturbance introduced, the etch rate would have remained below 2200 Ang-

stroms per minute and the uniformity would have remained poor.
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Figure 5.6: The results above are for control of the etching rate uniformity with just
FWI sensor information. A step disturbance was introduced at wafer 6 and shifted
the mean etch rate and nonuniformity. After a few runs, the controller response
brings the mean etch rate and nonuniformity back on target.
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Figure 5.7: The process recipe included two variables that were allowed to change,
power to the inner coil and power to the outer coil.

The process shift introduced at wafer #6 was a 50 watt shift in the outer coil power.
After the disturbance, the controller did not return the power exactly 50 watts back but
instead made control actions that changed both the inner coil power and outer coil power.
The control action actually improved the nonuniformity down to about 1% as demon-

strated in Figure 5.6.
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Figure 5.8: The process disturbance was introduced at wafer #6. The mean etch rate
drops and the etch rate uniformity is poor. The distinct bull’s-eye pattern represents
radial etching rate nonuniformities.
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Figure 5.9: After many wafers were etched, the process recipe perturbations sug-
gested by the controller was able to bring the mean etch rate and the etch rate uni-
formity back to the process targets. The uniformity has improved to about 1% and
the mean etch rate up to about 2500 Angstroms per minute.
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These results indicate that the run-to-run neural network model based process control-
ler was able to respond to a step disturbance in the process and bring the process quality
metric back on target. The quality metric used in this experiment was the etching rate non-

uniformity as measured by the in-situ FWI system.
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Chapter 6

Process Control on a Dual Coil TCP with FWI and OES

6.1 Multi-Objective Control with Multiple Sensors

The experiment presented above incorporates a single sensor that provides information
about the wafer state. Other types of sensors can provide different information that can
complement Full Wafer Interferometry. We choose to use optical emission spectroscopy
to provide a measure of the plasma state. This sensor is also incorporated into the process

control strategy.

The ANN-EWMA controller is readily adapted to take advantage of multiple sensors.
A new model for OES is added to the ANN-EWMA controller presented in Section 4.4.
Instead of just a single model, the optimizer uses two models to arrive at an optimal recipe
as shown in Figure 6.1. The ANN-EWMA controller with two sensors can clearly be fur-

ther extended to include multiple sensors and multiple objectives by adding more models.
Disturbance

Set Point Q

—»{ Optimization

A

Figure 6.1: Integrated FWI/OES controller. Two separate models are used by the
optimizer to arrive at a recipe perturbation.
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6.2 Process Conditions

A three variable, three level full factorial experiment was performed to build new models
for both the FWI sensor data and the OES sensor data. The design of experiment (DOE) is

presented below in Table 6.1.

Run Inner Power (W) Outer Power (W) Pressure
LLO001 500 300 15
LLO002 600 200 15
LL003 500 400 24
LL004 500 200 15
LL0O05 600 300 24
LL006 500 200 24
LLO007 400 300 24
LLO008 400 200 15
LLO009 600 400 20
LLO10 400 300 15
LLO11 400 300 20
LLO12 600 300 15
LLO013 400 400 15
LLO14 400 400 20
LLO15 400 300 20
LLO016 600 400 24
LLO017 500 300 20
LLO18 500 400 20
LLO19 500 300 15
L1020 600 300 20
LLO021 600 200 24
LL022 500 300 24
L1023 600 300 20
LL024 400 400 24
LL025 500 200 20
LL026 600 400 15
LL027 400 200 24
L1028 500 400 15

Table 6.1: Three variable three level full factorial experiment
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In these experiments, the generator supplying power to the inner coil was the 13.56
MHz Advanced Energy power supply while the outer coil was driven by the 11.0 MHz
Seren IPS system. This is opposite from the previous experiment to allow more power to
the inner coil since it was observed that the inner coil power was limited by the Seren IPS
generator. With the swap, the power settings are no longer constrained by the maximum
output of the generator.

The other process parameters such as bottom electrode power and gas flow are kept

constant as they were in the previous experiment. A summary of the process conditions is

shown in Table 6.2.
Gas HBr:Cl12 (5:1) 120 sccm
Pressure 15-24 mTorr
RF Bias Power 50 Watts
Electrode temperature 50°C
Inner Coil Power 400-600 Watts
Outer Coil Power 200-400 Watts

Table 6.2: Process Parameters for control with FWI and OES sensors

6.3 Response surface models

Two separate neural network models were developed for this multi-sensor control experi-
ment. The first model relates the etch rate across the wafer to the process recipe and is
similar to the previous case. In this case instead of measurements at only 81 sites on the
wafer, 121 sites were chosen to more fully utilize FWI’s capability. Whereas in the previ-
ous experiment with only two input variables and 81 outputs, only 6 neurons were
required in the hidden layer of the neural network. In this experiment with 3 inputs and

121 outputs, on the other hand, 15 neurons are needed to properly model the data.
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Optical emission spectroscopy was the second sensor integrated to the dual coil TCP

the second model involves this spatially resolved OES sensor. Since the OES sensor pro-

vides spectral intensity signals for 3000 optical channels, this would overwhelm the neural

network. Instead, the spectra is reduced to principle components (PCs) as discussed in

Section 4.2.1. The Matlab Chemometrics Toolbox provides tools to decide on the number

of PCs to retain [Kramer.] With revpca it was found that 15 principle components were

statistically significant as illustrated in Figure 6.2. The reduced number of PCs are then

modeled with the neural network as shown in Figure 6.3.
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Figure 6.2: The minima in the reduced eigenvalue shown above is 16. Therefore 15

principle components are statistically significant.
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Figure 6.3: The OES model involves in process inputs and the principal components

which represent the optical emission spectra.
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Though the tests for the significance of the principle components indicate that 15 are
statistically significant, the first 3 components captured more than 99.5% of the variance
in the optical emission spectra so only those were used in the objective cost function

model. The dominance of the first 3 principal components is illustrated in Figure 6.4.
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Figure 6.4: The first three principle components capture more that 99.5% of the
variance in the spectra.

6.4 Cost function

The multi-objective cost function used for the control of both plasma chemistry and etch
uniformity was:
min(a.-|21n] - 2{0]] + B- ﬁ% +7-Juln]-un - 11} 6.1)
The first term measures the distance that the OES principle components are from the
target (first wafer) values. This term ensures that the plasma chemistry is similar to the ini-
tial chemistry, as measured by the OES spectra. The second term has been modified from
the previous example to weigh the variation in the etch rate variance by the time it takes to
clear the wafer (since the variance of the final film thickness is the variance of the etch
rate times the duration to clear). The last term has also been modified from the prior

example. The cost from the initial setpoint is no longer necessary since the plasma state is
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now controlled by the OES system. Therefore, a cost penalty for the incremental change
in the process recipe is added. The multi-objective cost function involves signals from two
different sensors, possibly in conflict. Appropriate weighting of the three terms in the cost
function becomes extremely important. o, 8, and ‘y were chosen from simulations to be
0.4, 5x10°, and 0.005 respectively, to ensure the magnitude of the OES and FWI compo-
nents were weighted heavily with an order of magnitude less weight on recipe change pen-

alties.

6.5 Experimental results

The results of a 15 wafer experimental run are shown in Figure 6.5. A disturbance was
introduced at wafer number 6. This time the power to the inner coil was reduced by 100
Watts, again a 50% shift in its allowable range. The OES spectra shows a significant shift
as represented in a large increase in the OES cost which is shown in Figure 6.5. With this
process disturbance, the FWI cost does not significantly change. The controller quickly
responds with a combination of adjustments to all the process inputs in order to rapidly
reduce the OES cost, and return the process to the controlled state. Figures 6.5 and 6.6

summarizes the results of the experiment.
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Figure 6.5: Process Outputs show that the OES cost was reduced after the distur-
bance was introduced. The FWI cost and the cost associated with a change in process
recipe were not greatly affected.
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Figure 6.6: Process Inputs show that the controller responded the process distur-
bance with a recipe modification that was a combination of changes to the pressure,
inner power, and outer power.

The results indicate that the controller did reduce the overall cost function after the
step disturbance. The models indicated a minima in the cost function at the suggested rec-

ipes. The OES cost, however, seems to dominate the recipe decisions as shown in Figure
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6.5. The weighting factors between the OES cost and the FWI cost in Equation 6.1 were
chosen so that the costs would be on the same order of magnitude. However, the results
above indicate that rather it should be the sensitivity of the costs to disturbances that
should be equal. When the disturbance was introduced, the OES cost increased much
more than the FWI cost. The optimizer found that the best way to reduce the optimal cost
function was to minimize the OES cost. This, however, is perhaps not the best way to
achieve a desired plasma state and wafer state. More weighting on the FWI cost would
solve this problem. The controller performed as expected with the given models and goals
and illustrates that the controller is only as good as the models and goals that it is based
on.

In addition, the FWI cost did not properly represent the desired results. It was a goal of
this experiment to achieve uniform removal of the underlying film, while the first control
experiment sought to achieve uniform etching rate. It was believed that since the removal
amount is equal to the product of etch time and etch rate, that the proper FWI cost should
be:

std(3) 6.2)
(mean(§))
where y, is the etch rate at each site. The extra mean etch rate in the denominator more

strongly penalizes slow etch rates.

The total removal thickness can be expressed as shown below:

RemovalThickness = EtchTime X y (6.3)

so that the variance in the removal thickness can be expressed as a function of the variance

of the etch rate.

V(RemovalThickness) = (EtchTime)zV(y) (6.4)

therefore,
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V(RemovalThickness) < Jy—)—z (6.5)
(mean(y))

However, since the standard deviation of the etch rate is the square root of the variance,

std(RemovalThickness) < % , (6.6)

thus the mean etch rate in the denominator should only be to the first power, not squared
as in Equation 6.1. The extra term in Equation 6.1 reduced the importance of the FWI cost

in the overall objective cost function.
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Figure 6.7: The mean etch rate and the etch rate nonuniformity does not recover to
initial values after the step disturbance.

The mean etch rate and nonuniformity can be extracted from the control experiment.
Minimization of the OES cost did cause the mean etch rate to recover from the step distur-
bance but the recovery was not complete as shown in Figure 6.7. The nonuniformity as
measured by the standard deviation of the etch rate divided by the mean etch rate does not
appear to be controlled. It is important to remember that these metrics were not included in

the objective cost function so that control of these parameters is not expected.
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Despite these concerns, the ANN-EWMA controller did respond to the disturbance
based on the models provided. The OES cost was reduced, however, since the FWI cost

was so weakly weighted, it provided little guidance to the controller.
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Chapter 7

Multivariate analysis of Optical Emission Spectra

A new technique that may be useful in detecting endpoint in plasma etch process is pre-
sented in this chapter. This technique is based on Hotelling’s T2 statistic and makes use of
the high degree of correlation in the plasma spectra to increase detection sensitivity. The
endpoint detection algorithm is demonstrated on two different test cases. The first case
involves blanket polysilicon etch and the second much more challenging case is a low
open area oxide etch example. The last section in this chapter discusses a methodology to

make this endpoint detection algorithm both sensitive and robust.

7.1 Endpoint Detection

Narrow bandpass optical sensors have traditionally been used to detect endpoint in
plasma etch. Some detection systems use up to two spectral wavelengths for this purpose.
The signal to noise ratio decreases significantly when the layer that is etched is not greatly
exposed, i.e. low open area. Multivariate data analysis techniques has been applied to data
rich environments in the semiconductor industry [Barna]. These techniques offer potential
improvements in the signal to noise ratio. Instead of just a few spectral channels, we pro-
pose to use p channels where p is large, on the order of 1000 or more.

In recent years, statistical process control has been applied to real-time tool data and
certain sensors such as RF power monitors in an effort to rapidly detect possible faults
[Spanos, 1992; Chen, 1995]. In this work, we show that multivariate statistical process

control can be applied to OES and used to detect endpoint during the etching process.

7.2 Optical Emission Spectroscopy in Polysilicon Endpoint Detection

The first set of experimental data was collected on the Lam Research TCP modified

for dual-coil operation. The Ocean Optics SQ2000 optical emission spectrometer has the
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capability for multiple fibers so spatial resolution is possible; only one fiber (the horizon-
tal beam in Figure 7.1) was used for this analysis for simplicity. Polysilicon was etched
with an HBr:Cl, chemistry at a ratio of 5:1. RF bias power to the lower electrode was 50
Watts and power to the inner and outer inductive coils was 524 W and 302 W respectively.

The mean etch rate was on the order of 3200 Angstroms per minute.

Figure 7.1: A representative diagram of an optical emission spectroscopy system.
The data used in this work was collected on a Applied Materials High Density
Plasma Oxide etcher as well as a modified Lam TCP Poly etcher shown above.

Spectra were collected during the etch process on the fiber looking in through the side-
port. One thousand spectral channels were used and were sampled every 600 millisec-
onds. A time evolution of the spectra is shown in Figure 7.2. Initially there is a transient
due to matching network tuning and bottom power initiation. After a few time slices, the
main etch step occurs. As the polysilicon film is etched away and less polysilicon

remains, the chemistry of the plasma changes.
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Figure 7.2: Spectra taken during polysilicon etch process. At around t=350, the pol-

ysilicon film begins to clear and the plasma chemistry changes as monitored by the
change in the spectra.
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Figure 7.3: Two representative spectral channels exhibit different behavior as end-
point occurs. Channel 592 increases in intensity and channel 154 decreases.
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After about t=350 time units, the plasma spectra exhibits a significant change as can be
seen in Figures 7.2 and 7.3. This can be attributed to the start of endpoint. Atomic and
molecular spectral lines corresponding to by-product species would decrease in intensity
when there is no longer any silicon to consume. Likewise, channels corresponding to
reactant species lines should exhibit an increase in intensity since they are not longer con-
sumed. Figure 7.3 show two different spectral channels, one increases in intensity while
the other deceases at endpoint. Two representative reactions are given below that can

explain this phenomena.

Si + Cl, - SiCl, (7.1)
Si +2Cl, — SiCl, (7.2)

In this case, the chlorine lines should increase and the SiCly lines decrease. Further-
more, as the density of the various components in the plasma change, interactions between
those components will cause more complex changes such as changes in the electron tem-
perature and plasma density. We can take advantage of the high degree of correlation in
the spectral channels and the significant changes in the entire spectra when endpoint

occurs by applying multivariate analysis techniques to the spectra.

7.3 Hotelling’s T2 Statistic

In Section 7.2, it was demonstrated that there is a high degree of correlation between
different spectral lines. During endpoint, some lines increase in intensity while others
decrease. Hotelling’s T2 statistic can take advantage of this correlation and produce a sin-
gle statistic that identifies whether the observed spectra is similar to a model spectra built

with historical data.
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Figure 7.4: The spectra during the main etch step clusters around a local region in p-
dimensional space where p is large. Shown above for 2 dimensional space, the spec-
tra can be bounded by an ellipsoid. Spectra outside this ellipsoid identifies a fault or
endpoint.

Since there are p spectral channels of data for each time step, we can visualize this as a
single vector in p dimensional space. The spectra during the main etch step will cluster
around a region in this p-dimensional space. A hyper-ellipsoid will bound the points. A
spectrum that lie outside this hyper-ellipsoid is deemed to be statistically significantly dif-

ferent from the main etch plasma. The Hotelling’s T2 statistic is defined below:

T’ = 2-55"'@-% (1.3)
where X represents the p-dimensional spectra. The mean spectra, .% , and the covariance

matrix, S, are determined from historical data. From the above equation, T2 is found to be
a single value for each time step. It represents a weighted generalized distance from the

process mean. The Upper Control Limit (UCL) can be calculated from the F statistic.
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(m-1)(m +1)

veLp =2 AR p 7.4
m(m—-p)  (1-o,pm-p) 74
where m is the number of samples in the historical data, and p is the number of spectral

channels. The confidence level, o determines the size of the hyperellipsoid. With a large

number of spectra collected from historical data, the F distribution can be approximated

by a chi-squared distribution.

UCL = x5, (1.5)
For 1000 spectral channels and a confidence level of 99%, the UCL is set to 1107. A

T2 statistic below the UCL is believed to be the main etch while the start of endpoint

occurs when the T? statistic jumps above the UCL.
7.3.1 Validity of using T2 statistic

Use of the T? statistic assumes that the intensity of each spectral channel during the
main etch step is independent and identically distributed about a mean value. This is the
IIND assumption. The spectra cannot have any time series behavior during the main etch.
Figures 7.5 and 7.6 validate this assumption. The intensity of the spectra has a stable
mean. A histogram of the intensity of the spectra during this etch step also shows that it
seems to be normally distributed. The autocorrelation plot in Figure 7.6 conclusively
shows that the spectral channel does not exhibit time dependent behavior during the main

etch step.
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Histogram of Signal from Main Etch (Channel 592)
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Figure 7.5: Histogram of the intensity of channel 592 during the main etch step. The
data follows a Gaussian distribution.
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Figure 7.6: The autocorrelation plot above shows that the intensity of the spectral
channel does not exhibit time series behavior for the blanket polysilicon etch process.
The spectra during the bulk etch is composed of white noise. The 3 sigma limits are
not exceeded.
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7.4 Results for blanket poly etch

The analysis technique described above was applied to spectra obtained from the etch-
ing of blanket polysilicon films. The bulk etch of the first wafer was used to build the
mean spectra, .% , and the covariance matrix, S. The T2 statistic was obtained for subse-
quent spectra. The initial transient that is observed is due to upper and lower matching
network tuning and so the initial 50 time units in the spectra are discarded. During the
steady state bulk etch, the T2 statistic is very small and less than the upper control limit as
shown in Figure 7.7 and 7.8. However, at the onset of endpoint, the statistic increases

greatly and passes above the UCL as illustrated clearly in Figure 7.8.

An estimate of the signal to noise ratio can be made. The signal is taken to be the dif-
ference in the T2 statistic during the etch process and after much of the poly film clears
away. The noise is considered to be the standard deviation of the statistic during the bulk
etch. With this metric, the S/N ratio is approximately 3000. If only a single optical wave-
length was used for endpoint detection, from the trace in Figure 7.3 the signal to noise
ratio is estimated to be about 150. The signal to noise ratio has increased by a factor of 20

through use of Hotelling’s T2 with the entire spectra.
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Figure 7.7: The T2 score is low during the bulk etch step but increases many orders
of magnitude at endpoint. The analysis was performed for two wafers.
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Figure 7.8: A close-up view of the T2 statistic for blanket poly etch. The dashed line
is the Upper Control Limit. The spectra is a very sensitive measure of endpoint.

7.5 Low open area oxide etch

Spectra were collected from an oxide etch process at Digital Semiconductor. The wafers
were patterned for contact etch with between 1% and 1.5% open area. Contact is to be
made to the gate, source, and drain. The wafers were patterned with a deep UV photore-
sist. As with the results shown for polysilicon etch above, the low open area oxide etch
process was performed on an inductively coupled plasma system, in this case an Applied
Materials HDP oxide etcher. The etch was performed in a multistep recipe; Figure 7.9
shows that different plasma chemistries were used. Initially an Argon chemistry was used
to strike the plasma. That chemistry was then changed to etch the antireflective coating.
The main etch was performed with a C,F¢ plasma that then changed to an oxygen contain-

ing post etch treatment. It is the C,F¢ plasma that is of interest. The current Digital Semi-
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conductor process on this etcher does not use an endpoint detection system. Though many
were evaluated on the tool, none met the extreme requirements of reliably detecting end-
point [Dalton, 1997]. This system was especially difficult to diagnose endpoint in because
the process kit for the etcher is made of quartz, and the interior chamber wall is thus reac-
tive to the process plasma. The challenge is to detect a change in the plasma emission
spectrum when the oxide layer finishes etching even though the chamber liner is etching.
The effective signal is reduced by an amount proportional to the amount of the chamber

wall that is etched.

4000 -
3000+
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1000
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Figure 7.9: The spectra collected during a low open area oxide contact etch does not
exhibit the same dramatic change at the start of endpoint as in the polysilicon etch
example presented in Section 7.4. There are no discernible features in the spectra
that indicate an obvious start of endpoint.
7.5.1 Application of Hotelling’s T2 to Low Open Area Oxide Etch

The same technique applied to the blanket polysilicon etch can also be applied to the
optical emission spectrum for contact etch. Using the Ocean Optics SQ2000 spectrometer,
spectra were collected at 5 Hertz with an integration time of 15 milliseconds. The spectra

in Figure 7.9 shows that there are many channels that have very little information about

the plasma. Molecular and atomic emission lines do not lie within these channels. Instead
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of the more than 1000 spectral channels, only a reduced number of channels were retained
for further analysis. There were 759 channels that exhibited a mean intensity of more than
100 (A.U.) that can be considered more significant than noise.

The covariance matrix was trained with two wafers. The spectra during part of the
main etch step was used to build the model. Subsequent spectra were projected onto this
model to determine the T? statistic.

The results for a set of etches performed on the Applied Materials HDP is presented in
Figure 7.10. From Equation 7.5, the 99% confidence interval for the Upper Control Limit
(UCL) is a T2 score of 853. During the bulk of the main etch step, the T2 score is lower
than the UCL. Towards the end of the etch step, the statistic begins a characteristic
increase and crosses decisively above the UCL. This transition above the UCL is common

in the collected spectra.

80



10000 10000
9000 1 9000
8000} {1 sooo} -
7000 1 7000} 4
6000} { o eooof
: :
& 5000 ) & sooof .
2 ool Start of clearing 2 ool Start of clearing
3000} {3000l ]
2000} 1 2000} |
wooof N N UCLY veeob o\ e MU.C.I&
{Run10 " ) Run 11 et "
X) 50 100 150 o ] 100 150
Time (sec) Time (sec)
(@ (b)
9000} 9000
8000l 8000}
7000} 7000
6000 o 6000
3 3
& 5000 & s000 .
. 2
E oo Start of clearing §F ool Start of clearing ]
3000} - 30001 4
2000} E 20001 j
1000F . _._._._.C S, 1000F_ ... e M "UCL.
{Run12 e sbmrapnt | Aun 13 g A ibirdoy X
‘o 50 100 150 ) 50 100 150
Time (sec) Time (sec)
(© (d

Figure 7.10: The T2 statistic of the spectra for four different etches shows a transition
above the UCL. The statistic is also stable and does not change significantly until
towards the end when the start of endpoint is believed to occur.

The results above indicate that a signal that represents a significant change in the
plasma chemistry is observed with the aid of Hotelling’s T2 statistic. It is however not

conclusive that the change is associated with endpoint. Experiments need to be performed

to verify this assumption.

7.6 EWMA and EWMC

Polymer buildup on the window will affect the intensity of the optical emission signal that

81



is collected by the optical fiber. Furthermore, the chamber seasoning may also cause
drifts in the process itself that can manifest as a slow drift in the plasma spectra. In the p-
dimensional spectra space, the spectra from one run to the next does not cluster right on
top of each other. Furthermore, it is also believed that the polymer buildup does not sim-
ply act as a neutral density filter [Barna, 1997]. If this were the case, the entire spectra
could be scaled by a single value. Since each spectral channel may drift, the interaction
between them will change also, so that the covariance matrix is also changing over the
time scale of many wafers. A diagram that shows how the spectra mean and covariance is

changing over many wafers is shown below in Figure 7.11.

Figure 7.11: The spectra is a very sensitive measure of the processing system.
Buildup of material on the optical window will affect the mean signal intensity as
represented by the line. The covariance of the spectra will also change over time as
represented by the ellipses [White, 1997].

To allow the spectra mean and covariance matrix to evolve in time and track the drifts, it
has been suggested to apply an exponentially weighted moving average to the T? algo-
rithm [White, 1997]. The mean spectra is updated with the EWMA and the covariance

with an Exponentially Weighted Moving Covariance (EWMC).

%[n] = W(En]) + (1 -W)x[n—-1] (7.6)

W = diag([w, ... w,)) (.7
where w, are the weights. The weights in the recursive equation allow the mean spectra to

change over time. The covariance matrix can be updated in a similar fashion to the
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EWMC.

S[n] = W(S[r]) + (1 -W)S[n—-1] (7.8)
and W is again the weights but now is a constant or can be a dense matrix filled with
weight values. This technique can be applied to the spectra collected during the etch pro-
cess to track the slowly changing signals due to chamber seasoning. The model can be rap-
idly reset after a preventive maintenance to account for process kit changes.

Experiments were not carried out over a long time period so the EWMA and EWMC
techniques outlined above were not applied to the spectra. It is assumed that during such a
short period of a few minutes, the chamber does not degrade significantly so the spectra is

expected to be reproducible.

7.7 Discussion of results

The results presented in this section for the polysilicon etch process are very compelling.
The use of the multivariate statistical technique improved the signal to noise ratio in the
simple test case. The same techniques were also applied to a system where other endpoint
detection systems have failed to detect the faint signal that comes from a low open area
oxide etch process. The algorithm presented above shows that a statistically significant
change in the plasma spectra occurs towards the end of the process and it is believed that
this plasma chemistry change is associated with endpoint.

The algorithm is shown to be sensitive to changes in the spectra. This is possible
because it makes use of the high degree of correlation between the many atomic and
molecular emission lines. There is a fine balance between sensitivity and robustness. The
endpoint detection algorithm needs to be sensitive to endpoint but insensitive to other

forms of disturbances. An Exponentially Weighted Moving Average (EWMA) and Expo-
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nentially Weighted Moving Covariance (EWMC) allows the model of the spectra to

slowly evolve to account for chamber seasoning and other sources of drifts or shifts.
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Chapter 8

Summary

8.1 Conclusions

Two key contributions were presented in this thesis to reduce process variation: (1) equip-

ment design for control, and (2) improved endpoint detection.

Process control was introduced as a mechanism to reduce process variation. The pri-
mary platform for the control experiments outlined in this thesis was a modified Lam
Research TCP. The extensive modifications included installation of two inductive coils
instead of a single coil antennae. With the dual coil TCP, the etch rate profile could be
effectively controlled. Diagnostic systems were also installed on the dual coil TCP and
included an in situ Full Wafer Interferometry sensor and a spatially resolved Optical
Emission Spectroscopy system. These two systems provided information about the wafer
state and plasma state respectively. This information was interpreted by a run to run model
based process control algorithm that made necessary perturbations to the process recipe to
achieve the desired objective of maintaining a stable high performance process. The
results obtained indicate that the process control strategy that was implemented can be
used to make process corrections when disturbances are measured by the sensors.

The second method presented to potentially reduce etch process variation was end-
point detection. A sensitive and robust method to detect the slight change in plasma chem-
istry that occurs at endpoint is demonstrated in two extreme cases. The first trivial case of
blanket polysilicon etch shows that the Hotelling’s T2 statistic applied to a full spectrum
can improve the signal to noise ratio by a factor of 20 when compared to using just a sin-
gle spectral channel. The technique was also applied to a more realistic industrial oxide

etch process in which low open area production wafers were processed. In this case, end-
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point is much more difficult to detect but the algorithm was able to signal a significant

change in the plasma chemistry that is believed to be associated with endpoint.

8.2 Future Work

As with most scientific endeavors, this thesis opens up more questions to be answered.
The dual coil work thus far has only been performed on a blanket polysilicon wafers.
Other issues will arise when patterned wafers are examined. Of primary importance will
be the signal integrity of the various sensor systems. Another question that must be inves-
tigated is the effect of the various process recipes on the microscopic etching characteris-
tics. The goal of process control is not to just ensure that the etching rate across the wafer
as measured by FWI is uniform, but also to ensure that the various features within a die
etch uniformly as well. The question that must be answered is whether FWI information is
a good proxy for the etching behavior, both macroscopic and microscopic. The OES sys-
tem merits further work also. The experiments were performed over a brief period of time,
usually no longer than 20 wafers at a time. Chamber seasoning is not expected to signifi-
cantly affect the OES signal on a run-to-run basis in these well controlled experiments.
However, in more realistic industrial settings where a sensor is active for extended periods
of time, mechanisms need to be investigated to allow the OES model to adapt slowly to
optical window fogging effects yet be sensitive to other forms of disturbances. In other
words, the issue of sensitivity and robustness arises again.

The work on endpoint detection presents some exciting opportunities. However, there
are still some issues that need to be resolved. The signal that represents a statistically sig-
nificant change in plasma chemistry is just that. We infer that this change is associated
with endpoint but cannot prove this unless further experiments are performed. By using a
split lot with thinner oxide layers, it is possible to show that there is correlation between

endpoint and the signal observed with the endpoint detection algorithm. Cross sectional
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Scanning Electron Micrographs can also show that the signal correctly identifies the start
of endpoint. The issues of sensitivity and robustness are important here as they are else-
where: the detection algorithm needs to be sensitive and robust at the same time. Testing
the algorithm over extended periods in a production environment would help verify the
utility of the EWMA and EWMC. Finally, time series behavior of the spectral signals

needs to be investigated to examine the statistical validity of applying the algorithm.
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