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METHODS FOR CONSTRUCTING AN OPTIMAL ENDPOINT
ALGORITHM
BACKGROUND OF THE INVENTION
{Para 1] For ease of discussion, a few terms have been defined balow.
[Para 2] Data set - a record of measurements as a fimction of time for a parameter on the
processing tool.
{Para 3] Change point - a point in a time sertes at which some change occurs
[Para 4] Endpoint - a point in thne at which a process {(e.g., etching of a silicon layer) has
reached or is near completion. |
{Para 3] Endpoint domain - an interval in a data sel during which an endpoint is thought to
occur, An endpoint domain is usually relatively broad and is based on user estinuate,
[Para 6] Partial Least Squares Discriminant Analysis (PLS-I2A) - a technique for finding
relationships between two sets of data. PLS-DA may be used when there are multiple
independent variables (in an input matrix X) and possibly multiple dependent variables (in an
teput matrix Y). In PLS-DA, the Y variables are not continuous but consist of a set of
independent discrete values or clagses. PLS-DA may try to find linear combinations of the X
variables that can be used to classify the input data into one of the discrete classes.
[Para 7{ Pre-endpoint domain - a pan of the data set that precedes the endpoint domain,
{Para 8} Post-endpoint domain ~ a part of the data sef that comes after the endpoint
domain.
{Para 9] Signature - a distinctive change point (or combination of change points) in the
evolution of a parameter or combination of parameters which indicates an endpoint in a
process. The combination of parameters and the nature of the change usually form part of a
signature.
[Para 18] Stepwise regression - refers to fitting a straight line esing a least-squares fitting
algorithm to the data values in a finite temporal interval of the data from an mdividual sensor
channel.
[Para 11} Advances in plasma processing have provided for growth in the semiconductor
industry. To gain g competitive advantage, semiconductor device manufacturers need to
maintain tight conrol of the processing environment in order to minimize waste and produce
high guality semiconductor devices.
[Para 12} One method for maintaining tight control is by identifying a process endpoint. As

discussed herein, the term endpoint refers to a point in time at winch a process {(e.g., etching a
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silicon layer) has reached or is near completion. The process of identifying an endpomt may
be as simple as identifying a signal with the largest change. However, a signal change may
not always coincide with an endpomt. Other factors, such as noise in the channel, may canse
the signal pattern to changs. |

{Para 13] To facilitate discussion, Fig. 1 shows a simple method for establishing an endpoint
algorithm. The method as described n Fig. | is usually performed manually by an expent
user, for example.

[Para 14] Consider the situation wherein, for example, & test substrate is being processed.
Since there are different types of substeates, the test substrate tends to be of the same type as
the substrate that may be utilized in & production epvironment. For example, if a specific
patterned substrate is atilized during production, a similar patterned substrate may be
employed as & test substrate,

[Para 15] At g fisst step 102, data is scquired for a substrate. In an example, sensors (such
a3 a pressure manometer, an optical emission spectrometer (OKES), a temperature sensor, and
the like) acquire data while the substrate is processed. Data for hundreds, if not thousands, of
sensor channels may be collected.

{Para 16} After the substrate has been processed, the data that has been collected may be
analyzed. Since a plethora of data may be available, finding an endpoint within thousands of
signal streams may be a challenging task that usually requires in-depth knowledge of the tool
and recipe. For this reason, an expert aser is usually charged with the task of performing the
aunalysis.

[Para 17] Atanextstep 104, an expert user may examing one or more signals for changes in
the signal patterns. The expert user may employ one or more software programs to assist
with the analvsis. In an example, the software program may be a simiple analysis tool that
may perform simple calculations and analysis. In another example, the software program
may be a simple data visualization program that may be employed to graphically illustrate a
signal fistory, for example.

[Para 18] However, even with the expert user’s expertise and experignce, the volume of data
acquired by the sensors and svailable for analysis may be overwhelnung, Accordingly, the
task of identifving an endpoint signature can be a dauming rask. In an example, there may be
over 2,000 wavelength measurements within an OES sensor channel. Since endpoint data

may alsv be found in other sensor channels (such as sensor channels providing data about
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temperature, pressure, voltage, and the like), an expert user may be facing an insurmountable
tagk if every signal and combination of signals has to be analvzed.

[Para 19] As can be expected, depending vpon applications, some signals may provide
better endpoint data than other signals. For example, both signals A and B have endpoin
data. However, signal B may provide a better endpoint signature since signal B may have less
noise than signal A. Given that there may be dozens or hundreds & signals, the task of
analyzing the data set for sn endpoint sigoature, much less an optnmal endpoint signature,
may become a very tedious and time-consuming process.

[Para 20} In snalyzing the data, the expert user may be looking for g signal change (e.g.,
change in a signal pattern) as an indication of an endpoint. For example, if a signal is sloping
downward, a peak in the signal stope may represent a change. Although the task of manually
identifving a signal change has been a tedious task in the past, m recent vears, this task has
become even more difficult as signal changes become less obvious. This is especially tue
for recipes that are employed to process small open areas on a substrate. In an example, an
open args that is being processed {e.g, etched) is so small {e.z., < 1% of the substrate area)
that a signal change is so subtle 50 as to be almost unpoticeable to the human eyes.

[Para 21} To facilitate analysis, the expert user may elininate data values that he believes o
be not relevant in identifying an endpoint. One method for reducing the data set includes
identifving and eliminating regions in the signal stream within which the expert user does not
expect the endpoint to occur,  In other words, the expert user may hmit his search for an
endpoint to & target area in the signal stream, usually between a pre-endpoint domain and a
post-endpoint domain. Because of the high cost (in expert time) of finding and refining
endpoint signatures, the aim {s to make the pre-endpoint and post-endpoint domains as large
as possible to it the reglon left in which to look for endpoint.

{Para 22} Since the expert user is uspally familiar with the process, the expert user may
further reduce the data set by only analyzing select signals. The select signals may include
signals or combination of signals that, based on the expert user’s experience, may comain
endpoint data. Typically, when a combination of signais is being analyzed as a group, the
combination of signals s usually from a single sensor source. Generally, data from different
sensar sources are not combined since variations between the sensors may make the
correlation analysis difficaly, if not impossible, to be performed mannally.

[Para 23] As can be expected, working only with a filtered data set may increase the risk of

the apthmal endpoint signature being inadvertentty eliminated. In other words, by filtering

Lk



WO 2011/602810 PCT/US2010/040477

out the data, the expert user may be making an assumption that an endpoint signature, tvuch
less the optimal endpoint signature, is located in one of the signals that remains after filtening.
For this reason, the endpoint signature that may be identified in the remaining signals may
not necessarily be the optimal endpoint signature.

[Para 24] After a signal change has been identified, the expert user may perform a
verification analysis to determine the robustness of the signal change as an endpoint
candidate. For example, the expert user may snalyze the history of the signal to determine
the unigueness of the signal change. If the signal change is not mnique (L¢., occurring more
than ongce m the history of the signal), the signal may be eliminated from the data set. The
expert user may then resume his tedious task of identifying the “elusive™ endpoint in another
signal,

[Para 25| Atanext step 106, a set of filters {such as a set of digital filters) may be applied to
the data set to remove noise and smooth ouf the data. Examples of filters that may be applied
include, but are not Hmited to, for example, time series filters and frequency-based filters.
Although applying filters to a data set may decrease noise in the dats set, filters are usually
applied sparingly since filters may also increase the real-time delay within a signal.

[Para 26] In some situations, & multi-variate apalysis (such as Principal Component
Analysis or Partial Least Squares) may be performed in analyzing the data. The multi-variate
analysis may be performed to further reduce the data set. Tn order to utilize the multi-variate
analysis, the expert user may be requived to define the shape {e.g., curve) of an endpoint
feature. In other words, the expert user is expectad to anticipate the shape of the endpoimt
even though an endpoimt candidate may have yet to be identified. By predefining the shape
of the endpoint, the multi-variate analysis essenttally eliminates signals that do not exhibit the
desired shape. In an example, if the shape of the endpoint is defined to be a peak, signals that
do not exhibit this shape may be elimmated. Accordingly, if the optimal endpoint signature
does not have the “expected™ shape, the optimal endpoint signature may be missed.

[Para 27} As can be appreciated from the foregoing, the task of identifyving a single endpoint
signature from a plethora of data can be a daunting task and may take hours, if not weeks, to
perform. Further, once an endpoint signatare is wdentified, Hitle or no quantitative analysis of
the suitability of the signals or combination of signals as an endpoint signsture may be
performed. In an exanple, to validate a signal change as an endpoint signature, the expert
aser may analyze other signals to look for a simifar signal change at around the same time

frame. However, given that the expert user may have already spent s considerable amount of
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- time identifying the first endpoint signature, the expert user may not always have the time,
resource and/or inclination to validste the result.

[Para 28] Atvanext step 108, the expert user may choose an endpoint algorithm type based
on the nature of the transition. Usually, the endpoint algorithm type may be based on the
shape of the spectral line{s}, for example, that may represent the endpoint. In an example, the
endpoint may be represented by a slope change. Accordingly, the expert user mayv propose a
slope dependent algorithm,

[Para 29 In sddition, the endpoim algorithm may be based on the derivative that may
provide the best endpoint signatore. However, the first dertvative (such as a change o the
slope) of the endpoint signature may not provide the best endpoint algorithm, Instead, the
second derivative of the slope (such as an inflection point), for example, may provide a better
endpoint algorithm, The ability to identify not only an endpoint signature but also the best
enclpoint algorithm associated with the endpeint signature may require expertise that few
users (even expert users) may possess.

[Para 30] At anext step 110, the algorithm settings may be optimized and/or tested. Once
the endpoint algorithm has been identified, the endpoint algorithm may be converted into a
production endpoint algorithm. Smce differences may exist between the test environment
ard the production environment, the setting of the endpoint algorithnn may bave to be
adjusted before the endpoint algorithm may be moved into produgction, Settings that may be
adjusted include but are not Hmited to, for example, smoothing filters, delay tine, specific
settings for the algorithm types, and the like.

[Para 31} In an example, filters that may be employed to smooth the dats in a test
environment may cause uniacceptable real-time delay within a production environment. A3z
discussed herein, real-time delay refers to the time difference between a non-filtered signal
change and a filtered signal change. For example, a peak in a signal may have ocowred at 40
seconds into the process. However, after a filter is applied, the peak may not occur until 5
seconds later. If an endpomnt algorithm is applied with the filier settings, the substrate may be
over-etched before the endpoint algorithm identifies the endpoint. To minimize the real-time
delay, the filkers moay have to be adjusted,

[Para 32] Before moving the endpoint algorithm inte production, a test may be performed to
determine if the settings have been optimized. In an example, the endpoint algorithm may be
applied to the data set that has been wiilized to create the endpoint algorithm. 1fthe endpoint

algorithm correctly identifies the endpoint using the adjusted settings, the settings may be
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considered as optimized. However, if the endpomnt slgosithn: fails to correctly identify the
endpoin, the settings may bave to be adjusted. This test may have to be performed muldiple
times (through a trial and error method) before the settings may even be optinized.

[Para 33] Atanextstep 112, a determination is made in regard to performing a robustness
test on the endpoint aigorithm. If a robustness test is performed (step 114), the endpoint
algorithm may be applied fo data sets associated with other substrates, In ap éxamplap a
second test substrate may be processed and data may be collected. The endpoint algorithm
may then be applied to the second data set. If the endpoint algorithm is able 1o identify the
endpoint, the endpoint algosithm may be considered robust and the endpoint algorithm may
be migrated into production (step 116). However, if the endpoint algorithm fails to idenzify
the endpoint, the endpoint algorithm may be considered to be not sufficient]ly robust and the
expert user may return to step 104 to resume the task of identifying another endpoint
candidate and constructing ancther endpoint algorithm.

{Para 34] Given that the robustness test may require time for execution and analysis, many
endpoint algorithms may be migrated into the production environment without undergoing
the robustness test. In other words, step 112 is usually considered as an optional step in the
creation of an sndpoint algorithm.

[Parg 35} As can be appreciated from Fig. 1, the method for creating an endpoint algorithm
is mostly a mannal process that is usually performed by experts who may have the expertise
and experience to perform the cormplex analysis. Given the restraint on resources, the
endpoint algorithm that may be moved into production may lack quantitative support.
Further, since a single human ¢an not possibly analyze all signals and/or combination of
signals within a reasonable period of time, the endpoint algorithm that may be created may
not always be the optimal endpoint algorithm for the process.

[Para 36} Accordingly, a siniplified method for constructing a robust endpoint algorithny is

desirable.
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BRIEF DESCRIPTION OF THE SEVERAL VIEWS OF THE DRAWINGS
{Para 37] The present invention is Hustrated by way of example, and not by way of
limitation, in the figures of the accompanying drawings and in which like reference numerals
refer to similar elements and in which:
[Para 38] Fig. 1 shows a simple method for establishing an endpoint algorithm.
[Para 39] Fig 2 shows, in an embodiment of the invention, a simple flow chart illustrating a
method for constracting an endpoint algorithm,
{Para 40] Fig. 34 and 3B show, in an embodiment of the invention, s simple flow chart
iHlustrating the steps gn algorithm engine may execute in discovering the optimal endpoint
- algorithm. |
[Para 41] Fig 4 shows, in an embodiment of the invention, a simple flow chart for
implementing the optimal endpoint algorithm within a production environment,
[Para 42] Fig. 5 shows, in an embodiment of the invention, a block diagram illustrating an
example of an evolution of data sets into a list of optimal endpoint algorithms.

DETAILED DESCRIPTION OF EMBODIMENTS

[Para 43] The present invention will now be described in detail with reference to a few
embodiments thereof as Hlustrated in the accompanying drawings. In the following
description, numerous specific details are set forth 1 order to provide a thorough
understanding of the present tnvention. It will be apparent, however, to one skilled in the art,
that the present invention may be practiced without some ot all of these specific details, In
other instances, well known process steps and/or structures have not been described in detail
in order fo not unnecessarity obscure the present invention.
{Para 44] Various embodiments are described hereinbelow, including methods and
technigues, It should be kept in nund that the invention might also cover articles of
manufacture that includes a computer readable medium on which computer-readable
tnstructions for carrving owt embodiments of the mventive techanigue ave stored. The
compater readable medium may include, for example, semicondacior, magnetic, opto-
magnetic, optical, or other forms of computer readable mediam for storing computer readable
code. Further, the invention may also cover apparatuses for practicing embodiments of the
tnvention. Such apparatus may include circuits, dedicated and/or programnsable, to caory out
tasks pertaining to embodiments of the invention. Examples of such apparatus include a
general-purpose computer and/or a dedicated computing device when appropriately

programmed and may include & combination of a computer/computing device and
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dedicated/programmable circuits adapted for the various tasks pertain ing to embodiments of
the invention.

{Para 45] In accordance with embodiments of the invention, methods are provided for
automatically discovering and optinizing endpoint aigorithms. Embodiments of the
invention include methods for constructing an endpoint algorithm for determining an optimal
endpoint for a process. Embodiments of the invention also include in-situ methods for
applying the endpoint algorithm within g production environment.

[Para 46] Inthis document, various implementations may be discussed using endpoint as an
example. This invention, however, is not limited to endpoint and may include any change
point that may occur during a process. Thus, the discussions are meant as examples and the
invention is not hmited by the examples presented.

[Para 47} In ap embodiment of the invention, methods are provided for constructing an
endpoint algorithm. The methods may include simple, user-friendly, sutomated methods thas
may be utilized by both expert and non-expert users. The methods may include acquiring
sensor data, automatically defining an approximate endpoim period, astomatically analyzing
the data, automatically determining a set of potential endpoint signatures, and avtomatically
importing an optimal endpomt algorithm mto production.

[Para 48] Inthe prior ant, due to the sheer volume of data, a single human may not be able 1o
feasibly analyze all signals within a regsonable time period. Unlike the prior art, the analysis,
in an embodiment, may involve Hitle or o human mvelvement, Insiead, an algorithm engine
may be emploved to perform the analysis, in an embodiment. Since the data are being
analyzed automatically instead of manually, more data may be analyzed; ifnotall, Inan
embodiment, all possible signals may be analyzed and each signal may be characterized in
term of its relevance in being a potentigl endpoint signature, In addition, since the analysis is
now being performed by the algorithm engine, the analysis is po longer limited to data files
from a single sabstrate. Thus, more data may be analyzed to construct a set of robust optimal
endpoint aigorithms.

[Para 49] The algorithm engine may be a software program that is based on a function of
time relative to @ target region for an endpoint {e.g., endpoint domain}. Once the user has
defined an approximate endpoint region (e, endpoint domain}, the algorithm enging may be
emploved o analyze the data to discover a set of optimal endpoint signatures.

[Para 50} In an embodiment, the algorithm engine may identify a set of potential shapes that

may represent the potential endpotat signatures in a multl-variate analysis. Unlike the prior
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art, the user is not require to have prior knowledge of the shape for each potential endpoint
signature {e.g., peak, valley, step, ete.). Instead, the algorithm engine may generate a list of
potential shapes once the algorithm engine has identified the potential endpoint signatures.
Thus, the potential endpoint algorithms that may be identified by the algorithm engine are not
lindted to a single shape (e.g., curve). In an embodiment, the algorithm engine is configured
to perform data conditioning and testing of known endpoint candidates in order to identify the
best endpoint signatures for a process. The variability of cach parameter as a function of tme
may be derived by performing a stepwise regression 1o determine the slope of each data input
parameter i g series of finite time intervals throughout the history of the process. Ins an
emabodiment, the time intervals used in the slope calculation may be set to reject noise in the
incoming data and also 1o reject slow drifts in the data that are not assoctated with the
endpoint.

{Parg 51} In an embodiment, OES signals may be grouped according o the degree of
change (i.¢e., slope) that Is seen in the variability as the process evolves. In an example,
contiguous wavelengths with similar slope variance may be grouped together. By slope-
based grouping of the OES signals, the number of signals that may need to be analyzed and
the noise in those signals may be preatly reduced. The result may represent a list of signals
and group of signals that are most likely to contain information related to the endpoint.

{Para 52] Inan embodiment, culling may be performed to reduce the number of potential
endpoint signatares, In an embodiment, a robust endpoint sigrature is one that is present in
all processed substrates. In an example, if an endpoint signature is not 8 feature in all or a
substantial majority of test substrates, then the endpoint signatures is not robust and may be
eliminated. However, if an endpoint signature appears on a control substrate, the endpoint
signgture may also be eliminated siuce & control substrate is & substrate that has not been
etched and therefore should not have produced an endpoint signature,

[Para 83} In an embodiment, multi-variate analysis may be performed. In an example, the
results from the analysis may be wtilized as input into & Partial Least Squares Discriminant
Analysis (PLS-DA) in order to optintize weighting of each individual signal in each slope-
based group. In an embodimnent, instead of requiring the user to enter an expected shape of
the endpoint curve (as required by the prior art), the PLS-DA may rely on the target region

" for the endpoint and the shapes provided by the algorithm engine.

[Para 54] In an embodiment, the resulis from the PLS-DA from OES signals may be banded

and combined with other sensor signals. In an embodiment, the PLS-DA may be repeated
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with the new set of banded signals to produce a compact optinyized combination of potential
endpoint signatures that may have a high contrast and a low computational load for real-time
endpoint calculation.

{Para 55} In an embodiment, the potential endpoint signatures are converted inte endpoint
algorithms with minimal possible delay time. Potential endpoint signatures that can not be
converted ito real-time endpoint algorithms with minimal real tme-delay mayv be
eliminated. In other words, a real-time endpoint algorithm mayv be discarded if the real-time
delay associated with the algorithm exceeds the maxinmm allowable real-time delay.

{Para 56] In an embodiment, the potential endpoint algorithms may be ranked based on 8
ratio of useful information to the information that is irrelevamt andior on real-time delay,
heveinafier referred to sy a fidelity ratio. In an example, an algorithm with a high fidelity
ratio and a low real-time delay is considered a more robust algorithm. Once the ranking hags
been performed, one of the regl-time endpoint slgorithms may be selected and moved into
production.

[Para 87} The features and advantages of the present invention may be better understood
with reference lo the Sgures and discussions that follow,

{Para 58] Fig. 2 shows, in an embodiment of the mvention, a simple flow chart iHusuating a
method for constructing an endpoint algorithm,

{Para S9] At a first step 202, data is acquired by a set of sensors within the processing
chamber. Consider the situation wherein, for example, a test substrate is beng processed.
While the substrate is being processed, data (such as optical emission, electrical signals,
pressure data, plasma data, and the like} are being collected by a set of sensors.

[Para 60] In an embodiment, the data that i3 to be utibized in creating the optimal endpoint
algorithm may be coming fron more than one test substrate. By incorporating data from
different test substrates, noise that is associated with the material differences or process
variabilities between the substrates may be eliminated. In an embodiment, the data may be
coming from test substrates that may be processed within different chambers. By
incorporating data from different chambers, noise that is associated with the differences
between charsbers may also be eliminated.

[Para 61} At s next step 204, an approximaie time period within which the endpoint for the
process is expected to occur 1s identified. In other words, an endpoint domain is defined.
Unlike the prior art, the endpoint domain is an approximaie and velatively broad time interval

within which the algorithm engine is to search for valid endpotnt signatures. For example,
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because of the high speed of the search the user can expand the endpoint domain to
incorporate some of what, in the prior art, woukl bave been the pre-endpoint domain. By so
doing the algorithim engine can identify endpoint signatures that might occur earlier in the
process. These early endpoints reduce the risk of the process damaging underlying
senviconductor layers.

[Para 62] At aneststep 206, an algorithm engine is activated to perform data analysis and
to generate a set of optimal endpoint algorithms. In an embodiment, since the data analysis is
not being perfonmed manuafly, data files from more than one substrate may be analyzed.
Those skilled in the art are aware that an endpoint algorithm constructed from data files from
multiple substrates, although involving s larger quantity of data, tends 1o be more robust since
endpoint features that are not commonly found in the substrates being analyzed may be
eliminated.

[Parg 63] Figs. 3A and 3B show, in an embodiment of the invention, a simple flow chart
iHustrating the steps an algorithm engine may execute in analyzing the data sets and
generating a list of optimal endpoint algorithms. To facilitate discussion, Figs. 3A and 3B
will be discussed in conjunction with Fig. 8. Fig. § shows a block diagram illustrating an
example of an evolution of data sets into a list of optimal endpoint algorithms, in an
embaodiment.

[Para 64] At a first step 302, the algorithm engine may perform linear fitting on the
available data sets (initial data group 302). In other words, cach signal may be divided into
uniform segments based on time intervals (data group 504). In order to minimize noise and
t0 maximize the potential for identifving the endpoint festures, the length of the segments is
important. 1f the segment length is too long, the endpoint may be averaged out and the
endpoint may be missed. If the segment {s too short, the slope (as described later in step 304)
may be affected by noise. In an embodiment, a minimal and maximum number for the
segment length may be predefined. In an embodiment, the minintam segment length is
longer than a 1710 of a second. In another embodiment, the maximuam segment length is
shorter than 2 seconds for data colfected at 10Hz.

[Para 65] Atarnext step 304, the algorithm engine may calenlate a slope and its
corresponding slope noise value (uncerainty i the fit from the slope) for sach segment. In
an example, if signal A has been divided into ten segments, ten slopes and slope noise values
may be determined for signal A (data group 3064). In an embodiment, the slope noise values

may be employed to normalize the slopes (data group S06B).
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[Para 66] Additionally or altematively, the algorithm engine may perform a multi-variate
analysis (such as a partial least square analysis) utilizing the slopes scaled by the slope noise
values as inputs to generate an additional list of stopes and slope noise values based on
signals from a combination of sensor channels (also included in data group 506A). Inan
embodiment, slope noise values may be employed to normalize the slopes (also included in
data group SO0B).

{Para 67] Once a list of slopes and slope noise values for cach segment has been created
(data group 506A), at a next step 300, the algorithm engine may identify signal candidates
that may be carrving endpoint data. In an example, the algorithm engine may analyze each
signal (and its segments) to quantify the amount of variation in the slope for gach signal. One
method for guantifving the vartability in a slope may mclude caleulating the standard
deviation of the normalized slope. In an example, a high standard deviation may represent a
signal with changes occurring in the slope, In this example, a high standard deviation may
represent a signal that may be carrving potential endpoint data. Thus, signals with a high
slope variance (relative o slope noise) may be idemified a5 signal candidates (data group
508).

[Para 68] Since OFES data may include a high vohune of wavelength measuwrements (at least
2,000 signals), the algotithm engine may reduce the munber of OES signals by combining
contignous wavelengths with similar slope variance into signal wavelength bands (data group
5107, at a next step 308, In an example, if there are 100 wavelength measurentents between
235 nanometers and 280 nanometers and the wavelength measwements have similar slope
variance, then the 100 wavelength measurements may be combined into & single signal
wavelength band and may be weated as a single unit during the analysis. For example, if
there are 2. 000 wavelength measurements, then only 10 signal wavelength bands may have to
be analyzed. By grouping the wavelength measurements, computational loads may be
reduced since the numbers of itens that have to be analyzed have been significantly reduced.
[Pars 69} Al a next step 310, the algorithm engine may wentify a list of normalizing signals
(data gronp S06B) that may capure drift and noise in the underlyving pmcéss. In other words,
the algorithm engine may identify signals suitable for nonmalizing because they have a high
slope but low variance (relative to the slope notse). The normalizing signals (data group 512)
may represent possible candidates for removing conunan mode changes {e.g., drift, noise,

etc.) in the sensor signals.
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[Para 78] Atanext 312, the algorithm engine may reduce the number of normalized OES
signals by combining contiguous wavelengths with similar slope variance nto normalized
signal wavelength bands (data group 514). Step 312 is somewhat analogons to step 308
gxcept that step 312 is applied to the normalized OES signals.

[Para 71] At a nextstep 314, the algorithm may generate a list of high contrast sensor
signals (data group 508}, high contrast sensor signal wavelength bands (datr group 510),
normalized signals (data group 512}, and normalized wavelength bands (data group 514) for
all sensor channels. In an embodiment, the signals within each data set are ranked. Since the
possibility of endpoint data within cach signal has been guantified, the signals within each
data set may be ranked. In an example, a signal with a high slope vartance may have a higher
ranking than a signal with a fow slope variance.

[Para 72} Atanext step 3186, the algorithm engine may search the high contrast sensor
signals and/or bands for possible endpoint signatares within the endpoint dornain (data group
516}, Inan embodiment, an endpoint signature may be identified through a set of class
fearures (peak, valley, inflection, etc.). The set of class features may be predefined, in an
embodiment, The set of class features may be searched within the different derivative of the
signals,

{Para 73] Inan embodiment, filters may be apphed to the data groups 508 and 510 in order
to remove nolse and to smooth out the data. In an embodiment the filters being applied 1o the
data groups may be time symmetric filters, Time symmetric filters utilize equal number of
points befors and after a particular point o calculate an average value. These filters can only
be applied In a post-processing mode rather than during real-time execution of the process.
Unnlike time asymmetric filters, time symmetric filters tend to ntroduce minimal time
distortion and/or amplitude distortion. As a result, the filtered data may experience mininsal
real-time defay.

[Para 74] As can be appreciated from the foregoing, cach data group may include a plethora
of signals. Since each date group has been ranked, in an embodiment, data analysis time may
be significamtly reduced by reducing the search values. In an example, instead of searching
all of the tiems within data group 508, only the top 10 high contrast sensor signals may be
analvzed. The nuwmber of items that may be searched may vary. A dimunishing retum
analvsis may be performed to determine the optimal number.

[Para 75] Ata nextstep 318, the algorithm engine may search the ratios of high contrast

sensor signals/bands (data groups 308 and 510) to pormalizing sensors/bands (data groups
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512 and §14) for possible endpoint signatures (data group 518} within the endpoint domain.
By taking a ratio of the each high coutrast sensors signalfband to each normalizing
sensor/band, the possible endpoint signatures that may be identified may have a higher
fidelity ratio.

[Para 76] At a nextstep 320, the algorithm engine may search the data results (data groups
516 and 518) 10 rank combinations (data group 520}, In other words, maiching is performed
to combine endpoint signatures with similar shapes and time period in order o improve
contrast and SNR. In an embodiment, lingar combination is performed within the same
derivative. In other words, a peak that occurs in the first derivate may not be combined with
a peak that occurs in the second dertvative even though both may be occurring within the
same thne interval, »

{Para 77} Atanext step 322, the algorithm engine may perform a robustness test to remove
potentially non-repeatable endpoint signatures. In an embodiment, the robustaess test may
check for consistency across muitiple substrates. In an example, if the potential endpoint
signature s not consistent across multiple substrates, the potential endpoint signature may be
discarded since the potential endpoint signature may be a result of noisefdrift, for example.
[Para 78] In another example, the robustness test may check for similanity between test
substrates and g control substrate {or g set of control substrates). Consider the situation
wherein, for example, the test substrates are substrates with resist mask with one portion
being an exposed silicon area. The control substrate may bave the same characteristic as the
test substrates except the control subsirate may be totally covered by a resist mask. Both the
test substrates and the control substrate may undergo the same substrate processing.
However, since the entire surface of the conirol substrate is covered with a resist mask, the
control substrate should show no sign of erching.  Accordingly, the control substrate should
have no endpoint. Thus, if a change on the control substrate matches one of the potential
ecdpoint signatures, the matched potential endpoint signature is discarded.

[Para 79] In yet another example, the robustness test may include testing for uniqueness. In
an example, the potential endpoint signature being tested has a peak feature. The vest of the
stgnal mav be analyzed to determine if gnother peak feature is oconrring before or after the
pecurrence of the potential endpoint signatare. If another peak is identified, the potential
endpoint signature is ehiminated.

[Para BO] The aforementioned are examples of different robustpess criteria that may be

apphied to eluninate the signatures that may not be real endpoint signatures. By applying a
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rebustness test to the potential endpoint signatares, the hist of potential endpoint signatures
that may be actual endpoints may be further solidified.

[Para 81} In an embodiment, the algorithin engine may perform a multi-variate correlation
analysis, such as a corvelation-based partial least square discriminate analvsis (PLS-DA) to
optimize the list of potential endpoint signatures. As previously mentioned, a multi-variate
analysis (such as a correlation-based PLS analysis) usnally requires the shape of the endpoint
signature o be defined. In other words, the nyglti-variate analysis needs to know the desired
shape of the signature curve. {n the prior art, the user Is usually the ose who has to provide
the shape fe.g., peak, valley, slope, etc.) of the endpoint signature. Given that a
determination of the shape of an endpoint candidate {in the prior art) may take hours, If not
weeks, the user may normally only be able fo provide one shape feature as an input imo the
multi-variate analysis. Unlike the prior axt, the potential endpoint signatures as identified by
the algorithun engine may have different shape features. As a result, the number of mputs that
may be entered in the multi-variate correlation analysis may depend upon the shapes of the
potential endpoiat signatures that may have been identified.

[Para 82] In an embodiment, the shape/shapes (as determined by the list of potential
endpoint signatures) may be correlated against each signal to generate a corvelation matrix
between the potential endpoint signature and the signals within cach sensor channel. The
correlation matrix may include optimal weights and/or loads that may be applied to every
signal to maximize the contrast in each potentia! endpoint signature, Although the multi-
variate apalysis may help optimize the list of potential endpoint signatures (data group 522), a
myolti-variate correlation analysis is not required to wdentify a list of optimal endpoint
algorithms. Also, even though a correlation~based PLS analysis is utitized in the
aforementioned example, this invention is not limited to a correlation-based PLS analysis but
may be any type of correlation-based multi-variate analysis.

[Para 83] At anext step 324, the slgorithm engine may convert the remaining potential
endpoint signatures (data group 522) into real-time endpoint algorithms (data group 524) with
minimal real-time delay. In other words, the algorithin engine is configured to convert the
potential endpoint signatures into endpoint algorithms that may be executed daring
production with minimal real-time delay. In an embodinment, settings that may be reguired by
gach endpoint algorithm may be caleuiated awtomatically. in an example, the settings for
real-time filters may be avtomatically optimized to call an endpoint on every processed test

substrate with minimal filter delay. The real-time filters mav be cascaded and may use

—
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mitialization of the cascade memory components to minimize the initial transients that oceur
with infinite impulse response filters. This is particalarly fmportant in endpoint algorithms
that may have an endpoint close to the start of the data history.

[Para 84] For each potential endpoint signature, the algorithm engine may provide a real
time endpoint algorithm. In an embodiment, if the algorithm engine is unable to construct a
real-time endpoint algorithm then no endpoint algorithm is provided. In an example, if the
atgorithm engine is wiable to construct a real-time endpoint algorithm that is able w
callfidentify an endpoint on every processed test substrate, then no endpoint algorithm may
be provided.

[Para 85] Af a next step 326, the algorithm engine may eliminate endpoint algorithms that
may exceed the masimun altowable real-time delay. In an example, if the time required to
identify an endpoint may exceed a predefined threshold, the endpoint algorithm may be
eliminated since the real-time delay may result in over-etched substrates during production.
{Para B6] At a next step 328, the algorithm engine may eliminate real-time endpoint
atgorithms that do not pass a set of robustness criteria. An example of a robustness criterion
may include identifying endpoints on all test substrates with mintmal real-time delay. In
other words, each endpoint algorithm may be required to wdentify endpoint on all test
substrates. Another example of a robustness criterion may nclude not identifying endpoim
on a control substrate. In other words, if an endpoint algorithm is able to identify an endpoint
on a control substrate, the endpoint glgorithm is not robust and the endpoint algorithm may be
discarded.

[Para 87} At a next step 330, the algorithm engine may rank the real-time endpoint
algorithms. In an embodiment, the ranking may be based on the fidelity ratio and/or on real-
time defay. In an example, if two real-time endpoint algorithms have the same fidelity ratio
then the endpoint algorithm with the smaller real-time delay is ranked higher. In another
gxample, i two endpoimt algorithims have the same real-time delay then the endpoint
algorithm with the higher fidelity ratio may bave a higher rank.

{Para 88] Referring back to Fig. 2, at 2 next step 208, a real-time endpoint algorithm may be
moved into proadection. In an embodiment, the real-time endpoint algorithm that hag the
highest ranking may be antomatically moved into prodoction, In another embodiment, the
real-time endpoint algorithm that may be moved nto production may be user-controlled,
thereby enabling the user to choose the endpoint algorithm that may best meet his needs. In

an example, real-time delay Is a concern of a device manufacturer. For this reason, the
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device manufacturer may prefer to have a less robust endpomt algorithm if a shorter delay
time may be provided.

{Para 89} Empirical evidence shows that by automating the process, the task of creating an
optimal real-time endpotnt algorithn may be performed in a few minutes. Further, since the
algorithm engine is configured to perform the analysis with minimal input from a buman, the
process of constructing an endpoint algorithm may now be performed by non-expert users.
Accordingly, if the method fails o prodace an acceptable list of endpoint slgorithis given an
endpoint domain, the user may quickly redefine the endpoint domain and rerun the algoxithm
engine to generate a new hst of endpoint glgorithms within a fow minutes.

[Para 90] Fig. 4 shows, in an embodiment of the invention, a simple flow chart for
implementing a real-time endpoint algorithm in g production environment,

[Para 91} Ata first step 402, a recipe may be executed.

[Para 92} At s next step 404, data may be acquired during substrate provessing by a set of
SENS0LS.

[Para 93] Atz next step 406, an endpoim algorithm may be emploved in-situ to analyze the
data to identify the process endpoint. In an embodiment, a computing engine may be
emploved to analyze the data. Since a hugh volume of datz may be collected, the computing
engine may be o fast processing module that may be configured to handle a large volame of
data. The data may be semt directly from the sensor without first having to go through the
fabrication host controller or even the process module controtler. Application Number
12/355,674, filed on September 8, 2009, by Huang et al. describes an example analvsis
computer suitable for performing the analysis.

[Para 94] At a next step 408, the system may make a determination about the endpoint being
dentified.

[Para 951 If an endpoint has not been identified, then the system may return to step 404,
[Para 96] However, if the endpoint has been identified, then at a next step 410, the recipe
may be stopped.

{Para 97] As can be appreciated from the forgoing, one or more embodimenis of the present
ivvention provide for methods for identifying an optimal yeal-time endpoint algorithm, By
automating the analysis, the methods essentially eliminate the need for an expert user, With
the methods as described herein, &8 more robust endpoint algorithm may be moved into

production. Also, since the thme required for creating an endpoint algorithm has been

-3



WO 2011/002810 PCT/US2010/040477

significantly reduced, a updating or creating new endpoint algonithm is no fonger a resource-
mntensive and time-consaming task.

{Para 98] While this invention has been described in texms of several preferred
embaodiments, there are alterations, permutations, and equivalents, which fall within the scope
of this invention. Although various examples are provided herein, it is intended that these
examples be illustrative and not Hmiting with respect to the invention. Also, even though
endpoint is used as an example throughout this docwment, the invention may also be applied
toward change point, which is a signal changing event that may occur during processing.
[Para 99]  Also, the title and sunymary are provided hereint for convenience gnd should not
be used to construe the scope of the claims herein. Furnther, the abstract is written in a highly
abbreviated form and is provided berein for convenience and thus should not be employed o
construe or imit the overall invention, which is expressed in the claims. If the term “set” is
emploved herein, such term is intended to have its commeonly understood nuathematical
meaning to cover zero, one, of more than one member. It should also be noted that there are
many alternative ways of implementing the methods and apparatuses of the present invention.
It 1y therefore tended that the following appended claims be interpreted as including all such

alterations, permutations, and equivalents as fall within the true spitit and scope of the present

rverton.
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CLAIMS

What is claimed is:

1. A method for automatically identifying an optimal endpoint algorithm for
qualifying a process endpoint during substrate processing within a plasma processing
system, comprising:

receiving sensor data from a plurality of sensors during substrate processing of
at least one substrate within said plasma processing system wherein said sensor data
includes a plurality of signal streams from a plurality of sensor channels;

identifying an endpoint domain, wherein said endpoint domain is an
approximate period within which said process endpoint is expected to occur;

analyzing said sensor data to generate a set of potential endpoint signatures;

converting said set of potential endpoint signatures into a set of optimal endpoint
algorithms; and

importing one optimal endpoint algorithm of said set of optimal endpoint
algorithms into production environment, wherein said analyzing of said sensor data
includes performing linear fitting on said sensor data to divide each signal stream from

said plurality of signal streams into a plurality of segments based on time intervals.

2. The method of claim 1 wherein each segment of said plurality of segments is
uniform.
3. The method of claim 1 wherein said analyzing of said sensor data to generate a

first set of potential endpoint signatures of said set of potential endpoint signatures
includes

calculating a first set of slopes and a first set of corresponding slope noise values
for said sensor data, wherein a slope and a corresponding slope noise value is calculated
for each segment of said plurality of segments,

calculating slope variances in each slope to identify a set of high contrast signals
from said plurality of signal streams, wherein said set of high contrast signals having

high slope variance,

combining contiguous wavelengths with similar slope variance into a set of

signal wavelength bands,
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ranking said high contrast signals,

ranking said set of signal wavelength bands, and

identifying said first set of potential endpoint signatures by applying a set of
class features to at least part of said high contrast signals and said set of signal
wavelength bands, wherein said set of class features include at least one of peak, valley,
and inflection.
4. The method of claim 3 wherein said analyzing of said sensor data to generate a
second set of potential endpoint signatures of said set of potential endpoint signatures
includes

performing a multi-variate analysis by combining slopes scaled by
corresponding slope noise values of said first set of slopes and said first set of
corresponding slope noise values to generate a normalized set of slopes and a
normalized set of corresponding slope noise values,

calculating slope variances in said normalized set of slopes to identify
normalizing signals from said plurality of signal streams, wherein said normalizing
signals having high slope and low variance,

combining contiguous wavelengths with similar slope variance into a set of
normalizing signal wavelength bands,

ranking said normalizing a signals,

ranking said set of normalizing signal wavelength bands, and

applying a set of class features to a ratio of said high contrast signals and a set of
signal wavelength bands to said normalizing signals and said set of normalizing signal
wavelength bands to generate said second set of potential endpoint signatures.
5. The method of claim 3 wherein said converting of said set of potential endpoint
signatures into said set of optimal endpoint algorithms includes

combining a first potential endpoint signature and a second potential endpoint
signature of said set of potential endpoint signatures if said first potential endpoint
signature and said second potential endpoint signature having similar shapes and time
period,

performing a robustness test to remove potentially non-repeatable endpoint

signatures from said set of potential endpoint signatures,
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performing a multi-variate correlation analysis to identify a set of optimal
endpoint signatures of said set of potential endpoint signatures,

converting said set of optimal endpoint signatures into a set of real-time
endpoint algorithms with minimal real-time delay, wherein said real-time delay being
based on filter delay,

generating said set of optimal endpoint algorithms by performing at least one of
removing real-time endpoint algorithms with corresponding real-time delay greater than
a predefined threshold, and

eliminating said real-time endpoint algorithms if said real-time endpoint
algorithms fail to pass a robustness test, and

ranking each optimal endpoint algorithm of said set of optimal endpoint
algorithms, wherein said ranking being based on at least one of fidelity ratio and said
real-time delay.
6. The method of claim 4 wherein said converting of said set of potential endpoint
signatures into said set of optimal endpoint algorithms includes

combining a first potential endpoint signature and a second potential endpoint
signature of said set of potential endpoint signatures if said first potential endpoint
signature and said second potential endpoint signature having similar shapes and time
period,

performing a robustness test to remove potentially non-repeatable endpoint
signatures from said set of potential endpoint signatures,

performing a multi-variate correlation analysis to identify a set of optimal
endpoint signatures of said set of potential endpoint signatures,

converting said set of optimal endpoint signatures into a set of real-time
endpoint algorithms with minimal real-time delay, wherein said real-time delay being
based on filter delay,

generating said set of optimal endpoint algorithms by performing at least one of

removing real-time endpoint algorithms with corresponding real-time
delay greater than a predefined threshold, and
eliminating said real-time endpoint algorithms if said real-time endpoint

algorithms fail to pass a robustness test, and
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ranking each optimal endpoint algorithm of said set of optimal endpoint
algorithms, wherein said ranking being based on at least one of fidelity ratio and said
real-time delay.
7. The method of claim 1 wherein said importing of said optimal endpoint
algorithm being based on at least one of ranking and a set of user-defined conditions.
8. The method of claim 1 wherein said sensor data is being gathered from more
than one substrate.
9. A method for qualifying an endpoint during substrate processing within a
processing chamber, comprising:

executing a recipe on a substrate;

receiving processing data from a set of sensors during substrate processing;

analyzing said processing data by applying an optimal endpoint algorithm;

identifying a process endpoint;

stopping said substrate processing wherein said optimal ending algorithm is
constructed by receiving sensor data from a plurality of sensors during processing of at
least one substrate within a plasma processing system, said sensor data includes a
plurality of signal streams from a plurality of sensor channels, identifying an endpoint
domain, wherein said endpoint domain is an approximate period within which said
process endpoint is expected to occur, analyzing said sensor data to generate a set of
potential endpoint signatures, converting said set of potential endpoint signatures into a
set of optimal endpoint algorithms, importing one optimal endpoint algorithm of a set of
optimal endpoint algorithms into production environment, said sensor data is being
gathered from more than one substrate, said analyzing of said sensor data includes
performing linear fitting on said sensor data to divide each signal stream from said
plurality of signal streams into a plurality of segments based on time intervals.
10.  The method of claim 9 wherein said analyzing of said sensor data to generate a
first set of potential endpoint signatures of said set of potential endpoint signatures
includes

calculating a first set of slopes and a first set of corresponding slope noise values
for said sensor data, wherein a slope and a corresponding slope noise value is calculated

for each segment of said plurality of segments,
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calculating slope variances in said first set of slopes to identify a set of high
contrast signals from said plurality of signal streams, wherein said set of high contrast
signals having high slope variance,

combining contiguous wavelengths with similar slope variance into a set of
signal wavelength bands,

ranking said high contrast signals,

ranking said set of signal wavelength bands, and

identifying said first set of potential endpoint signatures by applying a set of
class features to at least part of said high contrast signals and said set of signal
wavelength bands, wherein said set of class features include at least one of peak, valley,
and inflection.
11.  The method of claim 10 wherein said analyzing of said sensor data to generate
second set of potential endpoint signatures of said set of potential endpoint signatures
includes

performing a multi-variate analysis by combining slopes scaled by

corresponding slope noise values of said first set of slopes and said first set of

=

corresponding slope noise values to generate a normalized set o
normalized set of corresponding slope noise values,

calculating slope variances in said normalized set of slopes to identify
normalizing signals from said plurality of signal streams, wherein said normalizing
signals having high slope and low variance,

combining contiguous wavelengths with similar slope variance into a set of
normalizing signal wavelength bands,

ranking said normalizing signals,

ranking said set of normalizing signal wavelength bands, and

applying a set of class features to a ratio of said high contrast signals and a set of
signal wavelength bands to said normalizing signals and said set of normalizing signal
wavelength bands to generate said second set of potential endpoint signatures.
12, The method of claim 10 wherein said converting of said set of potential endpoint
signatures into said set of optimal endpoint algorithms includes

combining a first potential endpoint signature and a second potential endpoint

signature of said set of potential endpoint signatures if said first potential endpoint
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signature and said second potential endpoint signature having similar shapes and time
period,

performing a robustness test to remove potentially non-repeatable endpoint
signatures from said set of potential endpoint signatures,

performing a multi-variate correlation analysis to identify a set of optimal
endpoint signatures of said set of potential endpoint signatures,

converting said set of optimal endpoint signatures into a set of real-time
endpoint algorithms with minimal real-time delay, wherein said real-time delay being
based on filter delay,

generating said set of optimal endpoint algorithms by performing at least one of

removing real-time endpoint algorithms with corresponding real-time
delay greater than a predefined threshold, and
eliminating said real-time endpoint algorithms if said real-time endpoint

algorithms fail to pass a robustness test, and

ranking each optimal endpoint algorithm of said set of optimal endpoint
algorithms, wherein said ranking being based on at least one of fidelity ratio and said
real-time delay.
13. The method of claim 11 wherein said converting of said set of potential endpoint
signatures into said set of optimal endpoint algorithms includes

combining a first potential endpoint signature and a second potential endpoint
signature of said set of potential endpoint signatures if said first potential endpoint
signature and said second potential endpoint signature having similar shapes and time
period,

performing a robustness test to remove potentially non-repeatable endpoint
signatures from said set of potential endpoint signatures,

performing a multi-variate correlation analysis to identify a set of optimal
endpoint signatures of said set of potential endpoint signatures,

converting said set of optimal endpoint signatures into a set of real-time
endpoint algorithms with minimal real-time delay, wherein said real-time delay being
based on filter delay,

generating said set of optimal endpoint algorithms by performing at least one of
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removing real-time endpoint algorithms with corresponding real-time
delay greater than a predefined threshold, and
eliminating said real-time endpoint algorithms if said real-time endpoint
algorithms fail to pass a robustness test, and
ranking each optimal endpoint algorithm of said set of optimal endpoint
algorithms, wherein said ranking being based on at least one of fidelity ratio and said
real-time delay.
14.  The method of claim 9 wherein said importing of said optimal endpoint
algorithm being based on at least one of ranking and a set of user-defined conditions.
15.  The method of claim 9 wherein each segment of said plurality of segments is

uniform.
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