
METHODS AND APPARATUS FOR PREDICTIVE PREVENTIVE MAINTENANCE OF PROCESSING
CHAMBERS BACKGROUND OF THE INVENTION [Para 01] Advances in plasma
processing have resulted in tremendous growth in the semiconductor
industry. A plasma processing system may be comprised of many components.
For ease of discussion, the term "component" will be used to refer to an
atomic or a multi-part assembly in a plasma processing system. Thus, a
component may be as simple as an edge ring or may be as complex as the
entire process module. A multi-part component (such as a process module)
may be formed from other multi-part components (such as a vacuum system, a
gas system, a power supply system, etc), which may in turn be formed from
other multi-part or atomic components. [Para 02] Over time, one or more
components may wear out. Those skilled in the art are aware that worn-out
components may cause damage to the chamber and/or damage to the substrate
if the worn-out components are not fixed/replaced. One method of
identifying which component may have to be replaced may include using a
fixed schedule of component replacement. In other words, a useful life
period may be identified a priori for each component. The usage of each
component may be tracked and when the component reaches the end of its
useful life (as predetermined by the fixed useful life schedule), the
component may be replaced. [Para 03] Unfortunately, the method of
predetermining the useful life of a component for replace/repair purposes
has its limitations. First, the useful life of a component may vary
depending upon the environment surrounding the component. In an example,
component 1 may be employed in a processing chamber that may experience a
different process recipe or mixture of process recipes than component 2.
Thus, component 1 may wear out before component 2 even though both
components may be of the same make and model. [Para 04] Thus, with the
predetermined useful life method, unnecessary costs associated with taking
a processing chamber offline and replacing a component may be incurred even
though the component's useful life may not have actually ended. In
addition, the predetermined useful life method may not account for the
possibility of the component prematurely wearing out before the expiration
of its predetermined theoretical useful life. In many instances, the
component's deteriorating condition may result in damaged substrates and/or
even damage to the chamber and other components within the processing
chamber. [Para 05] One method for determining component wear may involve
tracking the evolution 



of a single parameter, a so-called uni-variate mode. In an example, the
health of a componentmay be monitored by tracking a single parameter
measurable by some sensors. For example, the RF bias voltage may be
tracked. If the RF bias voltage is above a predetermined threshold, the
edge ring, for example, may be deemed to have reached the end of its useful
life. [Para 06] Unfortunately, the uni-variate method also has its
limitations. As aforementioned, a given component is monitored by tracking
a single parameter. However, the parameter may be affected by influences
other than the condition of the given component. In an example, to monitor
the condition of an edge ring, the RF bias voltage may be monitored.
However, the value of the RF bias voltage may be affected by influences
other than just the edge ring condition. For example, the RF bias voltage
may also be affected by the deposition on the chamber wall. Thus, when a
high RF bias voltage is identified, the high RF bias voltage value may not
necessarily be an indication that a problem may exist with the edge ring.
Instead, a problem may exist but further analysis may be required before
the cause of the problem can be identified. [Para 07] Another problem with
the uni-variate method is that the uni-variate method can be a "go/no-go"
method. In other words, the uni-variate method is usually utilized to
identify when a fault condition may exist to enable the component to be
replaced. However, the uni variate method may be unable to assist in
predicting when (instead of whether) the component may need to be replaced.
In other words, in such a scenario the uni-variate method may, at best, be
employed to identify a problem and not predict when a problem (e.g., end of
useful life) may occur. [Para 08] Consequently, when a component, such as
the edge ring, does actually wear out, a replacement component may not be
immediately available. As a result, the processing chamber may have to
remain offline until a new edge ring, for example, can be obtained for
replacement. Of course, the manufacturing company may opt to always have
replacements (such as an edge ring) available. This method of always
carrying spare components can become expensive since the manufacturing
company has to allocate resources (money and storage space) to have
components available even if the components are still in proper working
condition. [Para 09] Another method for identifying component wear may
include utilizing a monitoring patch. A monitoring patch is an item that
may be placed on a component. The monitoring patch may be placed close to
the surface of the component or may be embedded into the component. A
component may be considered to be at the end of its useful life if the 



monitoring patch has worn out, for example. If the monitoring patch is
embedded, thecomponent is considered to be at the end of its useful life
when the monitoring patch becomes visible, for example. [Para 10] There are
several limitations with the monitoring patch method. First, a monitoring
patch is required for each component that is to be monitored. Thus, if 100
components need to be monitored, a monitoring patch has to be placed on
each component. The monitoring patch method can become very expensive and
time consuming to implement and monitor depending upon the number of
components that may be monitored. [Para 11] Also, the utilization of a
monitoring patch may increase the risk of contamination. The monitoring
patch is a foreign object that has to be placed within the processing
chamber. As aforementioned, the condition of the processing chamber has to
be tightly controlled in order to prevent damage to the chamber and/or
damage to the substrate. By introducing one or more monitoring patches into
the processing chamber, the processing environment may be altered. In
addition, the degree with which the processing environment may have changed
due to the existence of the monitoring patches within the processing
chamber may be unknown or difficult to measure. [Para 12] Another
limitation of the monitoring patch method is that by placing a monitoring
patch onto a component, the mechanical functionality of the component may
be compromised. In other words, the mechanical behavior of an edge ring may
change with a monitoring patch embedded in the ring. Unfortunately, the
extent at which the patch may have altered the functionality of the
component may vary since each component and/or each patch may be unique.
[Para 13] Accordingly, a non-invasive method for predicting component wear
is desirable. BRIEF DESCRIPTION OF THE SEVERAL VIEWS OF THE DRAWINGS [Para
14] The present invention is illustrated 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 15]
Fig. 1 shows, in an embodiment of the invention, a simple flow chart for
applying a single multi-variate predictive model for qualifying a
component. [Para 16] Fig. 2 shows, in an embodiment, a simple flow chart
illustrating a method for applying multiple predictive models in
determining the health of a component. [Para 17] Fig. 3 shows, in an
embodiment of the invention, a simple flow chart illustrating a method for
applying a multi-variate predictive model with a non-plasma test
(NPT).[Para 18] Fig. 4 shows, in an embodiment of the invention, a simple
flow chart illustrating a method for qualifying a component using a
multi-variate predictive model and data from a 



non-plasma test. [Para 19] Fig. 5 shows, in an embodiment of the invention,
a simple flow chart illustrating a method for constructing a multi-variate
predictive model for qualifying a component. DETAILED DESCRIPTION OF
EMBODIMENTS [Para 20] The present invention will now be described in detail
with reference to a few embodiments thereof as illustrated in the
accompanying drawings. In the following description, numerous specific
details are set forth in order to provide a thorough understanding of the
present invention. It will be apparent, however, to one skilled in the art,
that the present invention may be practiced without some or all of these
specific details. In other instances, well known process steps and/or
structures have not been described in detail in order to not unnecessarily
obscure the present invention. [Para 21] Various embodiments are described
hereinbelow, including methods and techniques. It should be kept in mind
that the invention might also cover articles of manufacture that includes a
computer readable medium on which computer-readable instructions for
carrying out embodiments of the inventive technique are stored. The
computer readable medium may include, for example, semiconductor, magnetic,
optomagnetic, optical, or other forms of computer readable medium for
storing computer readable code. Further, the invention may also cover
apparatuses for practicing embodiments of the invention. Such apparatus may
include circuits, dedicated and/or programmable, to carry 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 a combination of a
computer/computing device and dedicated/programmable circuits adapted for
the various tasks pertaining to embodiments of the invention. [Para 22]
Although the statistical model will be discussed in some details to
facilitate the understanding of the overall technique, this invention
relates to the prediction of part wear and how such prediction may be
employed in preventive maintenance. The particular model that may be
employed in performing said prediction may depend upon the chambers or
parts involved. However, it is understood that any model (e.g., statistical
model, electrical model, plasma model, hybrid model, a combination of
models, etc.) may be employed and usage of a particular model for a
particular chamber, particular part and/or particular recipe is within the
scope of one with skills in the ordinary art.[Para 23] In embodiments of
the invention, methods are provided for assessing a chamber health status.
Embodiments of the invention include performing a chamber health index
test. 



As discussed herein a chamber health index test refers to a test that may
determine and/or predict the health of a set of components {e.g., set of
consumable parts) within a processing chamber. In other words, a chamber
health index test may be employed to determine and/or predict when a
component may be reaching the end of its useful life. [Para 24] In an
embodiment of the invention, methods are provided for evaluating a chamber
health status. In an example, one or more multi-variate predictive models
may be constructed to perform a chamber health index test within a
processing chamber. Unlike the prior art, the predictive model(s) may be
based on multiple parameters instead of a single parameter. As a result,
the chamber health index test may be executed to not only identify when a
component may have worn out but also for making a prediction about the
remaining useful life of the component. [Para 25] In an embodiment,
construction of a set of robust predictive models {e.g., set of
multi-variate predictive models) may be based on data collected at various
points during a preventive maintenance cycle, also referred to herein as a
wet clean cycle. The data may be collected at least at the beginning and at
the end of a wet clean cycle in order to eliminate noise within the data
set that may be related to the condition of the chamber instead of the
actual component itself. In an embodiment of the invention, construction of
a set of robust predictive models may also be based on data collected
across multiple chambers. Data are collected across chambers in order to
also eliminate noise that may be associated with chamber conditions that
are unique to a specific chamber instead of the condition of a component.
[Para 26] Once the set of multi-variate predictive models has been
constructed, the set of multi-variate predictive models may be applied in a
production environment for qualifying the condition of the chamber and its
components. Embodiments of the invention provide for methods for qualifying
a component using a single multi-variate predictive model. In other words,
a single multi-variate predictive model may be employed for qualifying a
single component. Tn an embodiment of the invention, methods are provided
for applying more than one multi-variate predictive model for predicting
the wear of multiple parts and in determining a chamber heath index. [Para
27] In an embodiment, a non-plasma test (NPT) may be utilized in
combination with a chamber health index test. In one embodiment, the NPT
may be utilized to gauge when a chamber health index test may need to be
executed. As discussed herein, a non-plasma testrefers to a test that may
be executed by applying low power at one or more predefined frequencies to
the processing chamber and not igniting a plasma. Even though a plasma is 



not formed during the test, sufficient data is provided to approximate the
condition of the processing chamber. Since the NPT is a fairly quick and
inexpensive test to run, the NPT may be employed as a precursor to a
chamber health index test. In one embodiment of the invention, the NPT may
also be utilized to validate a chamber health index test. In an embodiment,
the data from the NPT may be correlated against the data collected during a
chamber health index test for validation purposes. [Para 28] The features
and advantages of the present invention may be better understood with
reference to the figures and discussions that follow. [Para 29] As
aforementioned, a chamber health status may be employed to determine when
maintenance is required. To assess the chamber health status, especially
the consumable parts, a chamber health index test may be performed. The
chamber health index test may be performed based on a model-based approach.
[Para 30] Fig. 1-Fig. 4 show, in embodiments of the invention, different
methods for applying one or more multi-variate predictive models in
qualifying a set of components. [Para 31] Fig. 1 shows, in an embodiment of
the invention, a simple flow chart for applying a single multi-variate
predictive model for qualifying a set of components. [Para 32] At a first
step 102, a recipe is executed in a processing chamber. The recipe may be
either a client-specific recipe, a WAC recipe, or a non-client specific
recipe. [Para 33] As discussed herein, a client-specific recipe is a recipe
that may be tailored specifically for a specific manufacturing company. In
an example, a client-specific recipe may be an actual production-ready
process recipe that is unique to a specific manufacturing company. In one
embodiment, the ability to utilize client-specific recipes enables the user
(e.g., process engineer) to construct a multi-variate model specific for
his/her needs. [Para 34] As discussed herein, a non-client specific recipe
refers to a recipe that may be designed to maximize sensitivity to the wear
of a specific consumable part. In an example, a non-client specific recipe
may be a recipe that may be configured for analyzing specific conditions of
a plasma processing system. A non-client specific recipe may be utilized by
any manufacturing company that may have processing chambers that have
similar chamber set-ups as specified by the non-client specific recipe.
[Para 35] Another recipe that may be employed is a waferless autoclean
(WAC) recipe. The WAC recipe may be run after a production run. The WAC
recipe is usually not chamber specific.[Para 36] The type of recipes that
may be executed may depend upon the multi-variate predictive model. In an
example, if the multi-variate predictive model has been constructed 



using a client-specific recipe then the recipe that may be employed to
utilize the multi-variate model may also be a client-specific recipe. [Para
37] At a next step 104, processing data are collected by a set of sensors
(e.g., pressure sensor, temperature sensor, VI probe, OES, Langmuir probe,
and the like). [Para 38] At a next step 106, a model is applied to the
processing data. In other words, the system may compare the processing data
against a multi-variate predictive model. In an embodiment, the predictive
model is a statistical model. In another embodiment, the predictive model
is an electrical model. In yet another embodiment, the predictive model is
a plasma model. Further, step 106 is not limited to analyzing one
component. Instead, different multi-variate predictive models may be
applied toward the same data set to analyze the health of different
components. [Para 39] In an embodiment, the multi-variate predictive model
may be pulling data from a library (108). The library may include data
(e.g., constants) that may be employed to support the model. [Para 40]
After the analysis has been performed, at a next step 110, the predictive
model may output component wear data for each component being analyzed. In
other words, a data report may be produced detailing the health state of
each component being analyzed [Para 41] At a next step 112, the system may
compare the outputted data against a useful life threshold range. The
useful life threshold for each component may be based on expert knowledge,
for example. In an embodiment, the useful life threshold may be user
configurable. Thus, the user may modify the useful life threshold to adjust
for tool's configurations, recipe configurations, and the like. [Para 42]
If the outputted data is outside of the useful life threshold, then at a
next step 114, a warning/error message may be provided. The warning/error
message may identify the parameters that have caused the useful life
threshold to be violated. With the data from the output report, the user
(e.g., process engineer) may proceed with confidence in determining the
course of action that may be required to rectify the problem. In an
example, the component may have to be repaired and/or replaced, for
example. [Para 43] If the outputted data is within the useful life
threshold, then each component that is being analyzed is deemed to be in
good working condition. At a next step 116, the system may wait for the
next measurement interval before performing the method as described in Fig.
1 again.[Para 44] As can be appreciated from Fig. 1, by applying the
multi-variate model, a user may be able to determine the health of one or
more components. Thus, the predictive model 



may not only identify when a component has deteriorated but may also
predict when the component may wear out to the point of unacceptability. In
an example, the output report does not show that the edge ring is worn out
since the edge ring may still be working properly. However, the output
report may show that about 75 percent of the useful life of the edge ring
has been consumed and the edge ring may need to be replaced soon. With this
knowledge, the manufacturing company may plan for the upcoming repairs.
[Para 45] Fig. 2 shows, in an embodiment, a simple flow chart illustrating
a method for applying multiple predictive models in determining the health
of a component. [Para 46] At a first step 202, a recipe is executed in a
processing chamber. Similar to Fig. 1, the recipe may be either a
client-specific recipe, a WAC recipe, or a non-client specific recipe.
[Para 47] At a next step 204, processing data are collected by a set of
sensors (e.g., pressure sensor, temperature sensor, VI probe, OES, Langmuir
probe, and the like). [Para 48] At a next step 206, a set of models is
applied to the processing data. In other words, two or more models (208,
210, and 212) may be employed to analyze the processing data. In an
example, two models may be applied toward qualifying the component. For
example, model 208 may be a multi-variate statistical model while model 210
may be an electrical model. [Para 49] Similar to Fig. 1, step 206 allows
for different predictive models to be applied toward the same data set to
analyze the health of different components. [Para 50] In an embodiment, the
set of models may be pulling data from a library (2 14). The library may
include data (e.g., constants) that may be employed to support the models.
[Para 51] After the analysis has been performed, at a next step 216, the
system may check to determine if the outputs from the models match. In an
example, if the output from multi variate model 208 shows a 90 percent wear
on the component while the output from multivariate model 210 shows a 75
percent wear for the same component, then the outputted data from the
models do not match. [Para 52] If the outputted data from the models do not
match, then at a next step 2 18, the model with less noise may be applied
to the data from the more robust model. In an example, model 208 may be an
electrical model and may be a more robust model but may have a very high
noise level. However, model 210 may be a statistical model and may be less
robust but may have a lower noise level. As discussed herein, a robust
model refers to a model that hasfew outliers (statistical anomalies). In an
embodiment, a less robust but lower noise model (model 210) may be applied
to the data from the more robust model (in this example, model 



208) to qualify the component. This method allows for the reduction of
noise while increasing accuracy. [Para 53] Additionally, since the outputs
of the models do not match, the system may also report the differences and
mark the models for updates (step 220). In other words, additional data may
be gathered to reconstruct one or more of the models. In an example, the
method described in Fig. 5 (which will be discussed later) may be performed
to reconstruct (with different/additional data or different modeling
approaches) the electrical model (208) and the statistical model (210) in
order to adjust the noise level to better correlate the models. [Para 54]
However, if the data output from the models match, then at a next step 222,
the predictive models may output component wear data for the component
being analyzed. [Para 55] At a next step 224, the system may compare the
outputted data against a useful life threshold range. [Para 56] If the
useful life threshold is exceeded, then at a next step 226, a warning/error
message may be provided. [Para 57] If the outputted data is outside of the
useful life threshold, then at a next step 228, the system may wait for the
next measurement interval. [Para 58] As can be appreciated from Fig. 2, the
method described in Fig. 2 is somewhat analogous to the method describe in
Fig. 1 except that instead of a single multi-variate predictive model, the
method as described in Fig. 2 utilizes a plurality of predictive models. By
utilizing more than one predictive model, validation may be provided. Also,
if one of the models is less robust, the additional models may be employed
to supplement the less robust model. [Para 59] Fig. 3 shows, in an
embodiment of the invention, a simple flow chart illustrating a method for
applying a multi-variate predictive model with a non-plasma test (NPT).
[Para 60] At a first step 302, a non-plasma test is run. As discussed
herein, a non-plasma test refers to a quick test that may be executed by
sending low power at predefined frequencies into the processing chamber.
The power may not be strong enough to strike a plasma but is sufficient to
provide electrical data (e.g., impedance, capacitance, etc.) about the
chamber. In an embodiment, the non-plasma test may be a precursor for a
chamber health index test. In other words, if the NPT shows that a
potential problem may exist with one of the components, a chamber health
index may be executed. Since the NPT is a quick andfairly inexpensive test
in comparison to the chamber health index test, using the NPT as a
precursor may help reduce the ownership cost. [Para 61] If the NPT
indicates that a potential problem may exist, then at a next step 304, 



the chamber health index test may be performed. To initiate the chamber
health index test, a recipe may first be executed. [Para 62] At a next step
306, data is acquired for analysis. [Para 63] At a next step 308, one or
more models may be applied toward the data for analysis (see discussion of
Figs. 1 and 2). [Para 64] To perform the analysis, data may also be pulled
from a library 310. The library may include data (e.g., constants) that may
be employed to support the model(s). [Para 65] Once data analysis has been
completed, an output report may be provided about the health of each of the
components being analyzed (step 312) [Para 66] At a next step 314, the
system may compare the outputted data against a useful life threshold
range. The useful life threshold for each component may be based on expert
knowledge, for example. In an embodiment, the useful life threshold may be
user configurable. Thus, the user may modify the useful life threshold to
adjust for tool's configurations, recipe configurations, and the like.
[Para 67] If the outputted data is outside the useful life threshold range,
then at a next step 316, a warning/error message may be provided. The
warning/error message may identify the parameters that have caused the
useful life threshold to be violated. With the data from the output report,
the user (e.g., process engineer) may proceed with confidence in
determining the course of action that may be required to rectify the
problem. In an example, the component may have to be repaired and/or
replaced, for example. [Para 68] If the outputted data is within the useful
life threshold range, then at a next step 318, the system may wait for the
next measurement interval. [Para 69] As can be appreciated from Fig. 3, the
steps for qualifying a component is somewhat analogous to the steps
described in Fig. 1 and/or Fig. 2. Unlike Fig. 1 and/or Fig. 2, the method
as described in Fig. 3 pertains to a quantitative method for identifying
the next measurement interval. In other words, the NPT is utilized as an
indicator of when the next chamber health index test may have to be
performed. As can be appreciated from the foregoing, the steps as described
in Fig. 3 may be adjusted if more than one multi-variate predictive model
is employed in analyzing the data. [Para 70] Fig. 4 shows, in an embodiment
of the invention, a simple flow chart illustrating a method for qualifying
a component using a multi-variate predictive model and data from
anon-plasma test. Although both Fig. 3 and Fig. 4 utilize a non-plasma
test, the method described in Fig. 4 is different from the method described
in Fig. 3 in that the NPT is utilized for validation instead of as a
precursor to a chamber health index test. 



[Para 71] At a first step 402, a recipe is executed. [Para 72] At a next
step 404, processing data is acquired during processing. [Para 73] At a
next step 406, one or more models may be applied to the data for analysis.
In an embodiment, data may also be pulled from a library 408. [Para 74] The
results from the analysis are provided as an output report (Step 410).
[Para 75] At a next step 412, the system may analyze the result to
determine additional validation is required. Additional validation may be
required when the result from step 410 is uncertain or has too much noise.
In an embodiment, the result may be compared against a predefined noise
level threshold range. If the result is outside of the predefined noise
level threshold range, validation may be required. [Para 76] If additional
validation is required, then at a next step 414, an NPT may be executed.
[Para 77] During the NPT, data is collected (step 416). [Para 78] The data
from the NPT and the model analysis are correlated with the NPT data being
utilized to validate the data collected during the model analysis (step
418) [Para 79] The combined data are outputted as a single report detailing
the health of the component(s) being analyzed (step 420). [Para 80] Of
course, if no additional validation is needed (at step 412), then the part
wear information (from step 410) may be outputted as a single report (step
420) [Para 81] At a next step 422, the system may compare the outputted
data against a useful life threshold range. The useful life threshold for
each component may be based on expert knowledge. In an embodiment, the
useful life threshold may be user configurable. Thus, the user may modify
the useful life threshold to adjust for tool's configuration, recipe
configuration, and the like. [Para 82] If the outputted data is outside of
the useful life threshold range, then at a next step 424, a warning/error
message may be provided. The warning/error message may identify the
parameters that have caused the useful life threshold to be violated. With
the data from the output report, the user (e.g., process engineer) may
proceed with confidence in determining the course of action that may be
required to rectify the problem. In an example, the component may have to
be repaired and/or replaced, for example.[Para 83] If the outputted data is
within the useful life threshold range, then at a next step 426, the system
may wait for the next measurement interval. [Para 84] As can be appreciated
from Fig. 4, a robust method is provided for qualifying a component. Not
only does the robust method provides for more than one multi-variate model 



to perform component analysis but also includes a NPT to validate the
result of the multivariate predictive model(s). [Para 85] As can be
appreciated from the foregoing, the methods for accessing a chamber health
status may be model-based approaches. Model-based approaches, in an
embodiment, may be based on electrical models, plasma model, statistical
model, or a hybrid model. To illustrate how a model may be constructed,
Fig. 5 shows, in an embodiment of the invention, a simple flow chart
illustrating a method for constructing a multi-variate predictive model for
qualifying a component. [Para 86] At a first step 502, component life data
is provided. The component life data may include the functional and/or
physical measurements for the components. In an example, if the component
is brand new, the physical measurement is usually provided by the
manufacturer. However, if the component is not new, then the component life
may be determined by taking actual measurement of the components. [Para 87]
At a next step 504, a recipe is executed. The recipe may be a
client-specific recipe, a non-client specific recipe, a WAC (waferless
autoclean) recipe, for example. [Para 88] Depending upon the requirements
as set by the user (e.g., process engineer), one or more of the
aforementioned recipe types may be executed in order to acquire the data
necessary to create the model for qualifying a component of a processing
chamber. [Para 89] At a next step 506, processing data is collected during
processing. The processing data may be captured by a set of sensors. As can
be appreciated from the foregoing, the number of sensors available, the
type of sensors available, and the specification of the sensors may impact
the amount and granularity of processing data collected. Examples of
sensors that may be employed within a processing chamber include but are
not limited to, for example, pressure sensor, temperature sensor,
voltage-current probe (VIP), optical emission spectroscopy (OES), and the
like. Specifically, the data from the VIP and OES may involve discretizing
the broadband output at specific frequencies or their harmonics.
Alternately, comparison of the full broadband spectrum from these sensors
could be the basis for analysis. [Para 90] In an embodiment, steps 504 and
506 may be executed at different time intervals during a wet clean cycle in
order to account for potential drift that may occur during a wet clean
cycle. For example, the steps may be run when the component, such as an
edge ring,has just been installed. The steps may also be repeated toward
the middle and the end of the wet clean cycle. The amount of data available
to construct the multi-variate model depends on the number of times that
steps 504 and 506 are executed. As can be appreciated from the foregoing,
the number of times that steps 504 and 506 may be executed may depend upon
the 



benefit that the user may derive from the additional data in constructing
the model. [Para 91] Since the parameters may change after a maintenance
event (e.g., wet clean) is performed, parameters that are affected by a wet
clean may need to be identified and eliminated or conditioned before
constructing the multi-variate model. In an example, after the transparent
window of a processing chamber is cleaned, the measured intensity at some
wavelengths (by an OES) may change. In order to eliminate the parameters
that may be affected by a wet clean, steps 504 and 506 may have to be
executed multiple times across a wet clean cycle (508), in an embodiment.
[Para 92] Additionally or alternatively, steps 502-506 may also be executed
across processing chambers (510). In order to create a multi-variate model
that may be applied across processing chambers (given the same/similar
chamber conditions), parameters that may be affected by chamber-related
condition may have to be identified and eliminated or conditioned. For
example, the data collected during execution of a standard qualifying
recipe run on the different process chambers can be used to develop rules
for transforming sensor outputs from one chamber to another, thus matching
the outputs on both chambers. [Para 93] In an embodiment of the invention,
if the sensors are matched then steps 502-506 may not have to be repeated
across a wet clean cycle and/or processing chambers in order to eliminate
changes to parameters that may not be related to component wear. Matched
sensors should return the same absolute value for some defined chamber
state. Measured chamber impedance for two identical chambers will be the
same if two matched sensors are used. [Para 94] Once sufficient data has
been collected, a multi-variate model may be created for the component, at
a next step 512. Unlike the prior art, the multi-variate model is based on
a plurality of parameters instead of a single parameter. Since a high
volume of data and/or highly granular data may be collected by the sensors,
a fast processing computing module may be employed to handle the data
processing and analysis, in an embodiment. To increase processing time, the
data may be sent directly from the sensors to the fast processing computing
module without first having to go through the fabrication facility host
controller or even the process module controller. Application Number
12/555,674, filed on September 8, 2009, by Huang et al. describes an
example of the fast processing computing module suitable for handling
data.[Para 95] However, not all data collected may be relevant to the
process of qualifying a component. In order to identify only parameters
that may be related to component wear, filtering criteria may be applied.
The filtering criteria, in an embodiment, may include parameters not
related to a wet clean cycle. In another embodiment, filtering criteria may



also include excluding data that are chamber dependent. As an example, when
using a VI probe to monitor a specific 27MHz plasma across a wet clean,
some harmonic content greater than 100MHz will often shift even after
closely tracking parts wear internally to a wet clean. [Para 96] Once the
relevant parameters related to component wear have been identified, one or
more models may be constructed. In an embodiment, the processing data may
be utilized to create a statistical model, an electrical model and/or a
plasma model. As an example, the same data can be used to construct wear
information models for multiple chamber parts. Linearly decoupling part
wear can be accomplished by replacing parts or by using a complex
multi-step plasma process such that only specific parts are monitored by
each plasma. [Para 97] After each model has been created, the system may
check to determine if the noise level within the model is acceptable (step
514). The noise may be coming from the physical measurements and/or the
inherent noise within the sensors, for example. [Para 98] In an example,
noise may exist due to component-to-component variation. In other words,
component characteristics may vary due to the size of the component, the
material composition of the component, the configuration of the component,
and the like. In an example, the edge ring inside processing chamber A and
processing chamber B may seem to be the same. However, the size of the edge
ring in processing chamber A may be slightly larger than the one in
processing chamber B. Since the component-to-component variation may be
identified, the component-to-component variation may be accounted for in
the model. In an embodiment, an acceptable threshold range is defined. If
the component-to-component variation is outside the threshold range, the
system may have to acquire additional data in order to construct the model.
[Para 99] Another source for noise may be due to the installation of the
component. In an example, the placement of the edge ring may cause noise
within the model. For example, a gap may exist between the edge ring and
the electrostatic chuck. However, if this gap varies among processing
chambers, the electrical characteristic of the processing chambers may
vary. For this reason, a threshold range may be established. If the
difference is outside of the threshold range, additional data may be
acquired in order to construct the model. [Para 100] At a next step 516,
the construction of the multi-variate model is completed.[Para 101] Steps
502 -516 may be performed to create one or more multi-variate predictive
models for a single component. Of course, the same data file may be
employed to create multi-variate predictive models for other components.
[Para 102J As can be appreciated from Fig. 5, the method described provides
for the creation of a multi-variate predictive model that may take into
account conditions of a component 



across different environmental conditions, such as within a wet clean
cycle, across wet clean cycles, and within different processing chambers.
By collecting data in different conditions, non-component wear related data
may be eliminated. Thus, with a predictive model, the user is able to
optimize parts usage, reduce wafer scrap, and predict upcoming replacement
events and plan for upcoming repairs, thereby reducing the cost of
ownership. [Para 103J As can be appreciated from the foregoing, methods are
provided for performing a health check on components within a processing
chamber. By employing one or more multivariate predictive models, a more
accurate analysis of the components is provided. In other words, by
utilizing data from multiple sensors, the chamber health index test may be
employed to estimate and/or predict the remaining useful lifetime of
components without the need for external metrology measurements. With more
granular and less intrusive chamber health index checks, a more cost
effective method is provided for identifying the state of the components.
Thus, the cost of ownership is reduced as fewer resources and/or components
are wasted and/or damaged. [Para 104] While this invention has been
described in terms of several preferred embodiments, 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 limiting with respect to the
invention. [Para 105] Also, the title and summary are provided herein for
convenience and should not be used to construe the scope of the claims
herein. Further, the abstract is written in a highly abbreviated form and
is provided herein for convenience and thus should not be employed to
construe or limit the overall invention, which is expressed in the claims.
If the term "set" is employed herein, such term is intended to have its
commonly understood mathematical meaning to cover zero, one, or 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 is
therefore intended that the following appended claims be interpreted as
including all such alterations, permutations, and equivalents as fall
within the true spirit and scope of the present invention.CLAIMS What is
claimed is: 1. A method for assessing health status of a processing
chamber, comprising: executing a recipe; receiving processing data from a
set of sensors during execution of said recipe; analyzing said processing
data utilizing a set of multi-variate predictive models; 



generating a set of component wear data values; comparing said set of
component wear data values against a set of useful life threshold ranges;
and generating a warning if said set of component wear data values is
outside of said set of useful life threshold ranges. 2. The method of claim
1 further including pulling data from a library to support said set of
multi-variate predictive models. 3. The method of claim 2 wherein said
recipe includes one of a client-specific recipe, a non-client specific
recipe, and a waferless clean autoclean recipe. 4. The method of claim 2
wherein said processing data is analyzed by employing a first multi-variate
predictive model of said set of multi-variate predictive model. 5. The
method of claim 2 wherein said processing data is analyzed by employing at
least two multi-variate predictive models of said set of multi-variate
predictive model. 6. The method of claim 5 wherein processing data is
analyzed by employing a first multivariate predictive model to generate a
first set of component wear data values and employing a second
multi-variate predictive model to generate a second set of component wear
data values, if differences exist between said first set of component wear
data values and said second set of component wear data values, applying
said second multi-variate predictive model to said first set of component
wear data values, wherein said first set of component wear data values has
less noise than said second set of component wear data values. 7. The
method of claim 2 wherein said set of multi-variate predictive models
includes at least one of an electrical model, a statistical model, and a
plasma model. 8. The method of claim 2 wherein said set of multi-variate
predictive models is configured to analyze more than one consumable part,
wherein each consumable part is associated with one useful life threshold
range of said set of useful life threshold ranges. 9. The method of claim 2
wherein said set of useful life threshold ranges is userconfigurable.10.
The method of claim 2 further including performing said assessing of said
health status of said processing chamber after a measurement interval,
wherein said measurement interval is determined by one of a predefined
period of time and by executing a non-plasma test. 11. The method of claim
2 further including analyzing said set of component wear data values to
determine if validation is required, wherein said validation occurs when
said set of component wear data values is outside of a noise level
threshold range; executing a non-plasma test to validate said set of
component wear data values; and 



correlating said set of component wear data values against a set of
non-plasma test data values to generate a combined set of component wear
data values, wherein said combined set of component wear data values is
compared against said set of useful life threshold range and said warning
is generated if said combined set of component wear data values is outside
of said set of useful life threshold range. 12. An article of manufacture
comprising a program storage medium having computer readable code embodied
therein, said computer readable code being configured for assessing health
status of a processing chamber, comprising: code for executing a recipe;
code for receiving processing data from a set of sensors during execution
of said recipe; code for analyzing said processing data utilizing a set of
multi-variate predictive models; code for generating a set of component
wear data values; code for comparing said set of component wear data values
against a set of useful life threshold ranges; and code for generating a
warning if said set of component wear data values is outside of said set of
useful life threshold ranges. 13. The article of manufacture of claim 12
further including code for pulling data from a library to support said set
of multi-variate predictive models. 14. The article of manufacture of claim
13 further including code for performing said assessing of said health
status of said processing chamber after a measurement interval, wherein
said measurement interval is determined by one of a predefined period of
time and by executing a non-plasma test. 15. The article of manufacture of
claim 13 further includingcode for analyzing said set of component wear
data values to determine if validation is required, wherein validation
occurs when said set of component wear data values is outside of a noise
level threshold range; code for executing a non-plasma test to validate
said set of component wear data values; and code for correlating said set
of component wear data values against a set of non-plasma test data values
to generate a combined set of component wear data values, wherein said
combined set of component wear data values is compared against said set of
useful life threshold range and said warning is generated if said combined
set of component wear data values is outside of set of useful life
threshold range. 



16. The article of manufacture of claim 13 wherein said recipe includes one
of a clientspecific recipe, a non-client specific recipe, and a waferless
clean autoclean recipe. 17. The article of manufacture of claim 13 wherein
said code for analyzing said processing data includes code for utilizing a
first multi-variate predictive model of said set of multi variate
predictive model. 18. The article of manufacture of claim 13 wherein said
code for analyzing said processing data includes code for utilizing at
least two multi-variate predictive models of said set of multi-variate
predictive model. 19. The article of manufacture of claim 18 wherein code
for analyzing said processing data includes code for utilizing a first
multi-variate predictive model to generate a first set of component wear
data values and code for utilizing a second multi-variate predictive model
to generate a second set of component wear data values, if differences
exist between said first set of component wear data values and said second
set of wear data values, code for applying said second multi-variate
predictive model to said first set of component wear data values, wherein
said second multi-variate predictive model has less noise than said first
multi-variate predictive model. 20. The article of manufacture of claim 13
wherein said set of multi-variate predictive models includes at least one
of an electrical model, a statistical model, and a plasma model. 


