AUTOMATIC FAULT DETECTION AND CLASSIFICATION IN A
PLASMA PROCESSING SYSTEM AND METHODS THEREOF
BACKGROUND OF THE INVENTION-

{0001} Plasma processing systems have long been employed to process subsirates
such as semdconductor wafers and flat panels, for example. A plasma processing systém may
be employed to perform processes such as deposition, etching, cleaning, etc.
10002} In a plasma processing systen1 employed for producing semiconductor
devices, for example, it is highly desirable that the plasma processing system produces
electromic devices with the highest yvield and with the Jowest cost of ownership possible. To
achieve a high vield and to reduce tool down time, which contributes to a higher costof
ownership, it is critical to detect and clagsify fauits rapidly in order to minimize damage to
wafers and/or 1o the plasma processing system components. A fault condition may arise due
to, for exani_pie; chamber component malfunction, chambafcomponent wegr, incorrectly
installed chamber components, and/or any other condition that requires cleaning,
maintenance, and/or replacement of one or more subsystems of the plasma processing
system.
[O003} A modern plasma processing system may empioy nuMErons sensors o
monitor various process parameters such as optical emission, voltags, current, presswee,
temperatare, etc. The data monitoring performed by each sensor may output data at rates of
up to hundreds of samples per secongd ormore. Given the large number of sensors involved,
a modern plasma processing system may generaie 8 huge volume of sensor data for a given
processed wafer. If the analysis of the sensor data is performed manua}ly, it is often
impossible to accurately detect and/or classify a fault condition from the voluminous sensor
data in a thmely manner. If a fault condition is not detected in a timely manner, fusther
processing may result in damage to one or more wafers and/or to chamber components. Even
after plasma processing is halted, a large amotmt of time must be devoted to sifting through
the vohmninous sensor data to ascertain the fauls that occurred in order to facilitate fault
remedy. '
{0004} Manual fault detection and analysis also requires highly skilled engineers to
sift through the highly voluminous data. These highly skilled engineers are both in short
sapply and costly to employ, both of which increase the cost of ownership for the tool owner.

The manual process of fault detection and analysis is also error-prone.



[0005] There have been attempts in the past 1o actomatically detect fault conditions
and to analyze the sensor data to classify faults. These efforts have met varying degrees of
success in the production environment and in the marketplace. Engineers are constantly
searching for ways to detect fault conditions more quickly and accurately classify faults.
This application relates o improved methods and apparatis for automatically detecting fault
conditions and for classifving fauk conditions in an automatic and timely manner.

'BRIEF DESCRIPTION OF THE DRAWINGS
{0006} The present invention is Hustrated by way of example, and not by way of
Himitation, in the figures of the accompanying drawings and in which like reference numerals
refer to similar elements and in which:
[00607] Fig. | shows an example lower electrode subsystem, comprising a lower
electrode, an outer cover 1ing, and a top cover ting.
{0008} . Fig. 2 shows, in accordance with an embodiment of the invention, a logic
block diagram of various subcomponents of a plasma processing chamber that is capable of
automatic and tintely detection of fanlt conditions as well as automatic and timely
classification of fanits.
{0009} Fig. 3 shows, in accordance with an embodiment of the invention, an example
method for genesating & fault model.
fooio} Fig. 4 shows, in accordance with an embodiment of the invention, the steps
assoctated with automatic chanuel fittering.
o011} Fig. 5 shows, in sccordance with sn embodiment of the mvention, a weighted
PCA technique for reducing the data dimension.
{0012} Fig. 6A, 6B, 6C and 6D show, in accordance with an embodiment of the
invention, the steps for defining the fanlt vector (representing the fault signature} while
accounting for chamber drift antomatically.
{0013} Fig, 7A, 7B, snd 7C show that the correlation can be quantified by the tern
r{k3, representing the magnitade of the fault when the wafer sample vector Vi is projected
onte the fauli vector V.
{0014} “Fig. 8 shows, in accordance with an embodiment of the invention, the steps for
setfing the boundary for a fault signature.
[0015} Fig. 9 shows, in accordance with an embodiment of the invention, the steps for
validating a fault model.
{0016} - Fig. 10 shows, in accordance with an embodiment of the imvention, the steps

for detecting and/or classifying one or more fault conditions from the wafer process data,
g ying P
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DETAILED DESCRIPTION OF EMBODIMENTS
{0017} The present invention will now be described in detail with reference fo a few
embodiments thereof as iHlustrated in the accompanying drawings. In the following
description, numerous specific details are set forth in order to provide a thorough
understanding of the present invension. 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 stractures have not been described in detail
in order to not nnaecessarily obscure the present lavention.
{0018} Various embodiments are described herein below, including methods and
techniques. It should be kept in mind that the invention might also cover articles of
manufaciure that includes a computer-readable medivm on which competer-readable
instructions for carrving out exnbodiments of the inventive technique are stored. The
compater-readable medinm may include, for example, semiconductor, magnetic, opté—
ma gnetic, 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 andfor a dedicated computing device when appropriately
programmed and may include a combingtion of a computer/computing device and
dedicated/programmable circuits adapted for the various tasks pertaining to embodiments of
the invention.
{0019} Embodiments of the invention relate to a highly automalic, ume-efficient, and
robust method for fault detection and classification for any sensor data set associated with
one or more wafers under test.
[0020} To facilitate discussion, Fig. | shows an example lower elecirode subsystem
100, compﬁ sing a lower electrode 102, an outer cover ring 104, angd a top cover ring 106. A
wafer 108 s also shown. Top cover ring 106 is shovwn panly worn away, representing an
example fauli condition of the type that may affect the plasma and may detrimentally change
the process results. In a production setting, the timely detection of the fanlt condition
depicted in Fig. 1 as well as the timely and accurate classification of the fauli as one
associated with a wom top cover ring woald be highly desirable to prevent damage to
subsequently processed substrates and/or damage to other components of the plasma

processing system and to recover the system quickly after repai/maintenance.



[00213 Fig. 2 shows, in accordance with an embodiment of the invention, a logic
block diagram of various subcomponents of a plasima processing chamber 200 that is capable
of automatic and timely detection of fault conditions as well as automatic and timely
classification of faunlts. 'With reference to Fig. 2, there is shown a plasma processing chamber
202 having therein a lower electrode subsystem that comprises & lower electrode 204, an
outer cover ring 206, and a top cover ring 208. Various other conventional subsystems, such
as top electrode, RF generator, turbo pump(s), mass flow controiler, temperature contrad, eic.,
are omitied for ease of illustration.

{0022} - A plurality of example sensors 210, 212, and 214 are shown. Sensor 210 may
represent, for example, a manometer for monitoring chamber pressure. Sensor 212 may
represent, for example, an optical emission sensor for monjtoring the optical emission of the
plasma in the chamber. Sensor 214 may represent, for example, a V-1 probe. Other sensors
may also be employed, as is well known to those skilled in the art.

{00231 Sensors 210, 212, and 214 provide sensor data to a fault
detection/classification unit 220, which comprises the software and/or hardware for
momatically performing fault detection andfor fault classification based on the supplied
sensor data. A fault library 222 is shown, representing a database of fault models (each of
which includes a fault condition fingerprint). Each fanlt model is a set of data characterizing
a specific faulk condition. These fault models are generated in advance, as will be discussed
later herein, and are employed for performing fault detection andfor fault classification in
accordance with one or more embodiments of the invention,

[0024} Faolt detectiondclassification unit 220 receives sensor daia from rultiple
sensors. Due to the large number of sensors present in g typical modern plasma processing
system, and the fact that each sensor may send hundreds or more data samples per second,
fault detectiondclassification unit 220 perforns inventive data manipulation to render it
possible to efficiently and timely detect and/or classify fault, Aspects of the data
manipuiation to enable timely detection and/or classification of faults are discussed later
herein. The fault identification andior fault classification may be emploved by a controller
224 10 control the plasma tool (such as. for example, timely stopping the tool before further
damage may occor or making in-situ adjustments o remove the fault).

{0025} Fig. 3 shows, in accordance with an embodiment of the ipvention, an example
method for generating a fault model. These fault models are stored in the fault bravy (e.g.,
{ault library 222) for use during prodaction for faclt detection andfor classification. In step

302, sensor data from sensors are collected for multiple wafers, The wafers associated with



these sensor data items may be tagged as “bad”, “good” or “unknown™ (step 304). For
example, an engineer may know that a certain wafer or set of wafers are bad due to worm
focus rings (whether intentional or nof) and may employ the sensor data associated with these
wafers 1o derive a fault model for worn focus rings. The good fandt models are also useful for
classification purposes, as are any other fault models.

{0026} In step 306, the sensor channels are pre-filtered to exclude channels showing
little variation. Pre-filtering is one part of data manipulation to reduce the amount of data to
be handled during fault detection and/or analysis. Considering the large number of sepsors
involved and the fact that each sensor may generate hundreds or more data samples per
second, data manipulation is a highly useful step for improving the fimeliness and efficiency
of fault detection/filtering. In an embodiment, data from sensor channgls that donot
contribiute to fanlt detection (e.g., invariant to the fault in question} would be excluded during
pre-filtering. Pre-filiering is discussed in.greater detail herein in a subsequent flow chart,
[0027} In step 308, weighted principal component analysis (PCA) is performed on the
remaining data channels associaied with all wafer data samples. Weighted PCA aims fo
reduce the data dimension and is another part of the data manipulation to reduce the amoun{
of data to be handled to improve the timeliness and efficiency of fault detection/iltering.
Weighted PCA is discussed in greater detail herein in a subsequent flow chart. As aresult of
weighted PCA, the data samples for the wafers are represented in a mubti-dimensional PCA
space (step 310).

{0028} Tt step 312, the fault signature is defined vsing, in part, the user-specified
“had™ samples. As discussed, the user may specify that certain sensor data sets associated
with certain wafers are known “bad” wafer samples and can use these data sets to baild a
fault signature characterizing this known fasli. A fault signature is, generally speaking, a
vector in the PCA space. Fault signature is discussed in greater detail herein in a subsequent
figure,

{0029} In step 314, the data samples associated with the wafers are represented in a 2-
D correlation plot. This representation facilitates the efficient analysis of a possible fault
condition based on the data samples magnitude (fault severity) and resemblance to a fankt
signature {angle between the data sample and the fault signature). The representation in a 2-
D correlation plot is discussed in greater detail herein in a subsequent figure.

{6030} In step 316, the fanlt boundary (which defines the bouadary of data parsmeters
deemed to be a fault) s caleulated fron: the 2-D correlation plot. The calculation of the fault

boundary is discussed in greater detail herein in a subsequent figure.



{00313 In step 318, the robustoess of the fault model is validated. A fault model, as
the term is employed hersin, comprises at least the fault signature, the fault boundary, and the
PCA parameters (2.8, the PCA coefiicients associsted with the ?(‘A channels after weighted
PCA)Y. The validation of the fault model is dxscussed in greater deta:l herein in a subsequent
figure.

{00321 Fig. 4 shows, in accordance with an embodiment of the invention, the steps
associated with antomatic channel fittering (the pre-filtering step 306 of Fig. 3). The steps of
Fig. 4 represent one advantageous embodiment—there are other ways to perform pre-filiering
to reduce the number of data channels by eliminating channels that do not contribate to the
variation.

{0033} In step 402, the summary statistics {such as average, median, maximam,
minimum, noise, ete.) are calculated for individual channels across all wafers submitted. In
an embodiment, the noise may be estimaied using & local Jinear fit. If there are 10 wafers and
200 channels of sensor data, for example, the summary statistics will be calculated for all 200
channels per wafer, and for alt 10 wafers as part of step 402, in an erabodiment.

{0034} In step 404, the variation in the median statistics is calculated for each channel
across all wafer samples. For example, if channel #37 measures pressure and 17mT is the
median pressure reading for wafer #5 and | 9mT is the median for wafer #6, the variation in
the median statistics is calculated for channel #37 across all wafers, The variation may be
expressed by a standard of deviation measure, for example. Median is preferably employed
since it tends t0 give @ more relable statistics regarding the channel data even if some
samples in that channet drop out now and then during sensor data collection. However, ather
statistical measures (such as average) may also be employed in some embodiments.

[0035] In step 406, data chansels that are deemed to be invariant to the fault condition
{i.e., the data does not change appreciably enough to contribute 1o the discrimination of a
fault condition) are excluded. One advantageous method of excluding an invariant data
channel involves comparing the aforementioned variation in the median statistics of that
channel with certain thresholds, sich as a noise threshold for that channel or the channel
resolution. The channel resolution depends on the sensor design characteristics and may be
read from a pre-populated list in step 408. it should be understood that other methods of
excluding imvariant data channels may also be emploved.

{0636} As can be scen in step 406, if the variation in the medisn statistics of 2 data
channel is zero or if the variation in the median statistics of a data channel is less than some

multiple of the noise or if the variation in the median statistics of 2 data channel is less than
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some maultiple of the channel resolution (.., the manufacturing tolerance associated with that
chasmel due to sensor manufactiure, transmission line tolerance, etc.), that dats channel is
deemed 1o be insufficiently variant to be included. Ta that case, that data channel is excluded
{step 410). Otherwise, the data channel is included for building a fault mode! and/or for
detecting andfor analyzing for faults (step 412).

{0037} " Fig. 5 shows, in accordance with an embodiment of the invention, & weighted
PCA techmique for reducing the data dimension. Generally speaking, in PCA, correlations
among channel variations are sralyzed in order o reduce data dimension. For example,
instead of representing the variation in 100 dimensional data space, one may capture most of
the variations in fewer dimensional PCA space. In fault detection modeling, channel
variations from normal samples to bad samples are desired io be captured in the PCA data
space.

{0038} - However, it the num.t;er of “bad” samples is very low compared fo the number
of “good” and “unknown” samples, the contribution from the “bad” samples may be 100
insignificant, making it difficult fo capture this variation in the PCA data space.

0039} In the weighted PCA technigue of Fig. 5, there is predefined an acceptable
threshold ratio of “bad” samples to “good” and “unknown” samples. If the number of “bad”
samples to “good” and “anknown” samples is below this ratio, the “bad” samples are
replicated until the threshold is reached. In so doing, it is possible 10 capture the desired
variation between the “bad”™ sample(s} and the good/fanknows samples even if the number of
“had” samples may be too low 10 enable the capture of the desired variation in the PCA data
space otherwise.

{60403 With reference to Fig. 3, in step 502, a dataset comprising Ny of “bad”
samples and N; of “good” andfor “unknown™ samples is prepared. In step 504, it is
ascertained whether the number of “bad™ samples N is less than some predefined ratio of the
number of “good” and/or “unknown” samples N2, The purpose of step 504 is w ascentain
whether the number of bad samples Nj is too low to enable capturing of the desirad variation
contributed by the “bad” samples. In the implementation of Fig. 5, the ratio is set o be 1/10
of N, although any suitable ratio may be used.

{0041} If there are insefficient “bad” samples N, the “bad™ samples are replicated
antil there is a sufficient number of “bad” samples relative to the predefined ratio (step 306).
At any rate, PCA is then performed {step 508} on the data set after measuyres are taken

ensure {in step 504) that there is a sufficient number of “bad” samples Ny,



{00423 In step 510, the principal components are retained to sufficiently capture 80%
{or some other desired percentage) of the variation. Steps 508 and 516 are well-known 1o
those familiar with PCA and will not be elaborated here. -

100433 Fig. 6A, 6B, 6C and 6D show, in accordance with an embodiment of the
invention, the steps for defining the fault vector (representing the fault signature) while
accounting for chamber drift automatically. In Fig. 6A, all the data samples are plotted in the
reduced PCA data space (shown to be three-dinvensional in Fig. 6A but may have as many
daia dimensions as destred from the PCA steps of Fig. 5). The uncorrected fault vector Vi is
defined to be a vector from the center of the “good”™ or, less preferably, “unknown™ data
samples to the center of the “bad” samples.

0044} The vectar Ve is defined to be'the chamber drift vector and is represented as
shown i the reduced PCA data space of Fig. 6A. Chamber drift over time affects the plasma
{which affects the center of the “good” samples, for example, as time goes by) and needs 0
be accounted for in order fo improve the accuracy of the fault signature modeling. For
example, if the “bad” samples are acquired at a different time frame relative to the “good”
data samples, chamber drift may represent a non-trivial contribution to the variation between
the “bad” samples and the “good” samples acquired earlier. By isolating the fault component
from the chamber driff component in creating the frult signatare, more accurate fault
detection snd analysis may be achieved, This is a significant improvement over the prior it
{0045} Corrected fault vector Vy represents the vital components of uncorrected fault
vector Vi after accounting for the chamber drift, Mathematically speaking, the computation
for corrected fault vector Vi is shown in Fig. 6B. In Fig. 8B, the cormrected fault vector Vi
equals the uncorrected fault vector Vy minus the unit vector of the chamber drift {Vy) imes
the dot product of the pncorrected fault vector V) and the unit vector of chamber drift V.
The corrected fanlt vector Vi may be seen in Fig. 6A, lying along the line that connected the
center of the “bad” samples to the drift vector Vy and is normal to the drift vector V. The
caleulation of the uncorrected fault vector Vy is shown in Fig. 6C, and the calculation of the
drift vector Vy is shown in Fig. 6D, From the uncorrected fault vector ¥V obtained using Fig.
6C, and the calculation of the drift vector V, obtained using Fig. 6D, the corrected fault
vector may be found using the equation shown in Fig. 6B,

[0046] With reference to Fig, 6C, in step 630, it is ascertained whether there is al least
one good sample tagged. A sample, to elaborate, includes the set of data characterizing the
data channels for a single wafer. In the case of Fig. 6, the samples are in the PCA data space.

If there is a good sample, then the uncorrected fault vector Vi is defined from the center of



“good” saroples to the center of “bad” samples (step 632). Otherwise, the uncorrected fauit
vector V, is defined from the center of “unknown” samples to the center of “bad” samples
(step 634). In other words, the center of the “good” samples is used if any “good” sample is
present to define the uncorrected fault vector Vi

{00471 With reference to Fig. 6D where the calculation of the drift vector Vp is
accomplished, 8 fitting technique (such as least square linear fit) is employed for all the
“good” and “unknown” samples (step 652). If the goodness-of-fit is below {step 654) a
certain threshold (0.7 in the example of Fig, 6D but may vary as desired), then the drift vector
V, is set to be zero (step 656). On the other hand, if the gmdn.es_s—of-ﬁt is above (step 654}
the threshold, then a further check is performed to see if the data samples projected onto this
fitied V', correlate well with their time siamps (since the expectation is that the data samples
will be distributed afong the drift vector in the direction of drift with passing time}.

{00483 Thus in step 658, the correlation between the data projected on to the fitted Vy
and their time stamps is ascertained. If the correlation exceeds another threshold (0.7 in the
example of Fig. 6D but may vary also as desired), then the fitted Vy, is accepted as the drift
vector (step 660). Otherwise, the drift vector Vy is set to be zero (step 656).

{0049} Once the fault vector Vp is defined, the correlation between any wafer sample
vector Vy and the fault vector Vi can be calculated to detect whether the wafer sample Vi
exhibits fault characteristics and, if applicable, to classify the fault (by iteratively comparing
the wafer sample Vi, with different fault vectors representing different faults). Fig 7A shows
that the correlation can be quantified by the term r(k), representing the magnitade of the faukt
when the é&aférééi&;ﬁﬂe vector V is projecied onto the fauli vector Vy, Mathematically, this
relationship is iflustrated in Fig. 7B. Furthermore, the angle 6 between the wafer sample
vector Vi and the fault vector Vy reflects how closely the wafer saniple resembles the fault.
Mathematically, this relationship is Hlustrated in Fig. 7C.

{0050} The various samples can be calculated relative to the fault vector Vi m order
to obtain a display of data samples in a 2-D coordinate system, with each sample k being
plotted at r(k}, 0.

0051} Fig. 8 shows, in accordance with an embodiment of the invention, the steps for
setting the boundary for a favlt signature. Once the data samples are plotted in a 2-D
coordinate system, with every sample plotied at r(k), 8(k), the boundary for & fault condition
may he cstablished. Fig. 8 shows an example of 8 2-D data sample plot, with the “good” or
“ynknown” samples clustered within region 802, The “bad” samples are clustered within

region 804, To set the boundary for the fault condition represented by the “bad™ samples in
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region 804, a maximurn 6(max) is identified for the “bad” sample that exhibits the greatest
angle 8 smong the “bad” samples.

[0052 To provide for a margin of ervor, the angular boundary for the faslt condition
is some multiple {integer or non-imeger multiple) of this maximum 8(max). In the example
of Fig. §, point 808 represents the sample with the maxinum 0(max) from the horizontal axis
{(where 8 = zero). The angle 8(max) associated with the sample of point 808 is multiplied by
1.2 {an arbitrary number and may vary if desired) to obtain the maximum boundary 8(b).
[0053] To provide for a margin of error, the radius r associated with the data sample
having the smallest i{k) is identified. This rinimum radius w(k} is multiplied by some
fractional constant (0.8 in the example of Fig. 8 but may vary if desired). With reference to
Fig. &, the boundary 812 represents the boundary for the fault condition, and data samples
falling within boundary 812 may be classified with that fault condition.

{0034} - If there is only a single “bad” data point, the angle 8(b} that bounds the fault
condition may alternatively reflect the patameter values outside of the “good” samples plus
some margin. In an embodiment, the mintmum 8(min) of all good/unknown samples is
scaled by some fractional constant in order to derive the angle 8(b) that bounds the fault
condition. With respect to Fig. 8, suppose point 814 represents the “good” sample with the
smallest O(min) value. Line 816 depicts this angle 8(min) associated with the mintmum angle
of the “good” or “unknown”™ samples. By scaling this minimum 8(min} by ¢ fractional
constant (0.8 in this example but the value may change as desired), the boundary angle 8(b) is
obtained and is depicted by Hine 820 in Fig. 8.

{0055} Fig. 9 shows, in accordance with an embodiment of the invention, the steps for
validating a fault model, Tn step 902, it is ascertained whether all the *bad” samples are
within the fault boundary and whether all the “good” and “unknown” samples are outside the
fanlt boundary. If not, the fault modet is rejected (step 906). On the other band, i both
conditions of step 902 are true, it is further ascertained {step 904) if every “bad” sample has
baen taken ouf of the “bad” samples cluster at least once fo iteratively re-validate the fault
model. If every “bad” sample has been taken oul of the “bad” sample cluster at least once 1o
iteratively re-validate the fault model, and such re-validation has not triggered the rejection
(step 902/906), then the model is accepted (step 908).

[0056] On the other hand, if there remains one or mwore “bad™ samples to be taken out
of the “bad” ssmple cluster to iteratively re-validate the fault model, the “bad”™ sample that
has not been taken out is pulled out of the bad samples chuster to facilitate re-validation of the

fanit model (step 910). The fault vector and fault bomxdafy calculations (steps 312-316 of
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Fig. 3) ate performed again {in step 912) with the modified pool of “bad” samples. In an
embodiment, each time a “bad” sample is pulled out of the “bad” sample cluster, the last
“had™ sample pulled out is put back into the cluster. In this manner, the recalculation of the
fanlt vector and fault boundary is performed with only ane “bad” sample missing at a time.
Of course it is possible to pull out a set of “bad” samples (and replace the last set) with every
iteration in one or more other embodiments. In this case, the recalculation of the fault vector
and fault boundary is performed with only one set of “bad” samples missing at a ime.

{00571 - - Once all “bad” samples have been pulled out at least once and the fault model
tests satisfactorily, the validation ends at step %08.

{0058} Fig. 10 shows, in accordance with an embodiment of the invention, the steps
for detecting and/or classifying one or more fault conditions from the water process data
{block 1002). In step 1004, the summary statistics for the data channels are calculated. This
calculation has been discussed earlier in connection with Fig. 4, for example.

{00391 Fig. 10 also shows a library of fault models (block 1006), representing a data
store of pre-built fault models 1006, A fauk model comprises the fault signatore, the fault
boundary, and the PCA parameters as discussed earlier. Different fault models may
characterize different known faults (such as wom edge rings, broken ground straps, incorrect
chamber gap, wrong pressure, etc.). A fault model from the library of fault models is selected
for testing {step 1008},

[6060} In step 1010, the wafer process sensor data associated with the wafer under
test is transformed into the same PCA space of the fault model selected m step 1008 1o
facilitate detection and classification against the selected fault model. In step 1012, the
correlation (8 and 1) of the wafer process data is computed against the fault vector Vp
associated with the fault model selected in step 1008, In step 1014, it is ascertained whether
the wafer process data under fest is within the fault boundary of the fault model selected in
step 1008, If the wafer process data under test is within the fault boundary of the fault model
selected in step 1008, an alarm is triggered in step 1018, indicating the detection of a possible
fault and classifying the type of fault in accordance to the favlt model selected in step 1008,
fooel} On the other hand, if the wafer process data undes test is not within the fault
boundary of the fault model selected in step 1008, the process moves to step 1016 to ascertain
whether there is another fault condition to test again. In some cases, it may be desirable o
test the ‘wafer process data against other fault models even if 8 potential fuult is already
detected to determine whether there may be multiple possible faults. I it is ascertained that

there is another fault condition to test, the process moves to step 1008 to select another fault
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maodel 1o test again. The process continues until it is ascertained in step 1016 that there are
na apother fault conditions to test. In step 1020, a report is generated to report the fault
cotrelation result and/or any potential fault found/classified.

{0062} As can be appreciated from the foregoing, embodiments of the invention
facilitate the automatic, efficient, and timely detection and classification of fault conditions
despite the complexity of fault classification and the massive volume of sensor data involved.
10063} More importantly, embodiments of the invention systemize and de-skill the
process of fanlt model building. The hwman operator is no longer required to know which
data channels to select for inclusion, how to account for baseline drift, and how fo set
boundary conditions. These decisions have been systemized and automated in the fault
model building process. In some cases, all that is requiredl to build a fault modet s the
identification of the fault condition and the tagging of the data sample associated with that
wafer with the appropriate “bad” {ag.

{00643 The inventive method then automatically performs data manipulation to pre-
filter the data channels and further reduce the data dimensions of the wafer data via PCA.
Among others, weighted PCA, automatic accounting for baseline ( chamber) drift, and/or the
inventive fault classification method based on fault model generation, 2-D dats mapping and
faslt boundary setting render the fault model building process, fault detection and
classification highly automated, robust gnd efficient,

{0065} While this invention has been described in terms of several embodiments,
there are alierations, permutations, and equivalents, which fall within the scope of this
invention. If the term “set” is employed herein, such term is intended to bave its commonly
understood mathematical meaning to cover zero, ong, or more than one member. It shounld
also be noted that there are many aliemative ways of implementing the methods and
apparatuses of the present invention. Furthermore, embodiments of the present invention may
find wtility in other applications, The sbstract section is provided herein for convenience and,
due to word count limitation, is accordingly written for reading convenience and should not
be emploved {o limit the scope of the claims. It is therefore intended that the following
appended claims be interpreted as including all such alterations, permutations, and

equivalents as fal within the true spirit and scope of the present invention.



MCSLLP

CLAIMS

1. A method for detecting a first fault condition of a plurality of fault conditions during
processing of a first substrate, said method comprising:

collecting first data via sensors during said processing of said substrate, wherein
said first data includes a first set of samples and a second set of samples;

sending said first data to a fault device;

processing said first data via said fault device including
determining a corrected fault vector including
determining a drift vector corresponding to drift in one or more
parameters of a plasma processing chamber,
determining an uncorrected fault vector based on the first set of samples

and the second set of samples, and
based on the drift vector, correcting the uncorrected fault vector to
generate the corrected fault vector, and
comparing a first portion of said first data to a plurality of fault models stored

within a fault library, wherein said plurality of fault models correspond respectively to said
plurality of fault conditions, wherein said plurality of fault models include respective ones of (i) a
plurality of fault vectors, (ii) a plurality of fault boundaries, and (iii) sets of principal component
analysis (PCA) parameters, and wherein said plurality of fault vectors include said corrected fault

vector; and
detecting said first fault condition based on said comparing of said first portion of

said first data to said plurality of fault models.
2. The method of claim 1, wherein said processing of said first data by said fault device

includes:
calculating summary statistic values for each channel of said sensors; and pre-filtering

said first data to exclude a second portion of said first data from a first set of channels of said
sensors, wherein said first set of channels are invariant to said plurality of fault conditions.
3. The method of claim 2, wherein:

said processing of said data includes performing weighted PCA on said first
portion of said first data from a second set of channels of said sensors; and

said first portion of said first data from said second set of channels does not
include said second portion of said first data from said first set of channels.
4. The method of claim 3, wherein:

said processing of said first data includes generating a set of data samples,
represented in a multi-dimensional PCA space, based on one of said sets of PCA parameters;

said drift vector is based on said set of samples as represented in said multi-

dimensional PCA space; and
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said drift of said plasma processing chamber is represented by said drift vector in
said multi-dimensional PCA space.
S. The method of claim 4, wherein said comparing of said first portion of said first data to
said plurality of faults models includes determining a correlation value for said data based on a
fault vector of a first fault model of said plurality of fault models.
6. The method of claim 5, wherein:

said comparing of said first portion of said first data to said plurality of fault
models includes determining if said first portion of said first data is within a fault boundary of
said first fault model;

if said first portion of said first data is within said fault boundary of said first
fault model, generating a warning signal indicating a possible fault condition; and

if said first portion of said first data is outside of said fault boundary of said first
fault model, identifying a second fault model of said plurality of fault models and comparing said
first portion of said first data to said second fault model.
7. The method of claim 1, wherein each of said plurality of fault models is generated by:

collecting sets of data from said sensors respectively for a plurality of substrates,
wherein said sets of data include said first data, and wherein said plurality of substrates include
said first substrate;

assigning designations respectively to said sets of data, wherein each of said
designations is identified as a bad set of data, a good set of data, or an unknown set of data; and

pre-filtering a plurality of channels of said sensors to exclude data from a first
portion of said plurality of channels of said sensors, wherein said first portion of said plurality of
channels does not contribute to fault detection, wherein said pre-filtering includes calculating, for
each of said plurality of substrates, a summary of statistical values for a second portion of said
plurality of channels.
8. The method of claim 7, wherein each of said designations is based on conditions of
components with said plasma processing chamber and conditions of one of said plurality of
substrates,
9. The method of claim 7, wherein said calculating of said summary of statistical values
includes applying a local linear fit to said set of data.
10. The method of claim 7, wherein said pre-filtering further includes calculating a variation
in said summary of statistical values.
11. A system for detecting a first fault condition of a plurality of fault conditions during

processing of a first substrate within a plasma processing chamber, the system comprising:
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sensors configured for monitoring said plasma processing chamber during said
processing of said first substrate;

a fault library configured to store a plurality of fault models, wherein each of said
plurality of fault models correspond respectively to said plurality of fault conditions; and

a fault device configured to (i) collect first data from said sensors, wherein said
first data includes a first set of samples and a second set of samples, and (ii) analyze a first
portion of said first data including

determining a corrected fault vector including

determining a drift vector corresponding to drift in one or more
parameters of said plasma processing chamber,

determining an uncorrected fault vector based on the first set of samples

and the second set of samples, and
based on the drift vector, correcting the uncorrected fault vector to
generate the corrected fault vector,
comparing said first portion of said first data to at least one of said plurality of fault
models, wherein said plurality of fault models include respective ones of (i) a plurality of fault
vectors, (ii) a plurality of fault boundaries, and sets of principal component analysis (PCA)
parameters, wherein said plurality of fault vectors include said corrected fault vector, and wherein
said at least one of said plurality of fault models includes said corrected fault vector, and
detecting said first fault condition based on said comparing of said first portion of

said first data to said at least one of said plurality of fault models.
12 The system of claim 11, further including a controller configured to control said plasma
processing system based on outputs of said fault device.
13. The system of claim 11, wherein said fault
device is configured to:
calculate summary statistic values for each channel of said sensors; and
pre-filter said first data to exclude a second portion of said first data from a first
set of channels of said sensors, wherein said first set of channels are invariant to said plurality of
fault conditions.
14. The system of claim 13, wherein:
said fault device is configured to perform a weighted PCA on said first portion of said
first data from a second set of channels of said sensors; and
said first portion of said first data from said second set of channels does not include said
second portion of said first data from said first set of channels.
15. The system of claim 14, wherein:
said fault device is configured to generate a set of data samples, represented in a multi-
dimensional PCA space, based on one of said sets of PCA parameters;

said drift vector is based on said set of samples as represented in said multi-dimensional

PCA space; and
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said drift of said plasma processing chamber is represented by said drift vector in said
multi-dimensional PCA space.
16. The system of claim 15, wherein said fault
device is configured to determine a correlation value for said first data based on a fault vector of a
first fault model of said plurality of fault model.
17. The system of claim 16, wherein said fault

device is configured to:
compare said first portion of said first data to said plurality of fault models;
determine if said first portion of said first data is within a fault boundary of said first fault

model;
if said first portion of said first data is within said fault boundary of said first fault model,

generate a warning signal indicating a possible fault condition; ‘and
if said first portion of said first data is outside of said fault boundary of said first fault
model, identify a second fault model of said plurality of fault models and compare said first
portion of said first data to said second fault model.
18. The system of claim 11, wherein said fault device is configured to generate each of said
plurality of fault models by:
collecting sets of data from said sensors respectively for a plurality of substrates,
wherein said sets of data include said first data, and wherein said plurality of substrates
include said first substrate;
assigning designations respectively to said sets of data, wherein each of said
designations is identified as a bad set of data, a good set of data, or an unknown set of data; and
pre-filtering a plurality of channels of said sensors to exclude data from a first
portion of said plurality of channels of said sensors, wherein said first portion of said plurality of
channels do not contribute to fault detection, wherein said pre-filtering includes calculating, for
each of said plurality of substrates, a summary of statistical values for a second portion of said
plurality of channels.
19. The system of claim 18, wherein each of said designations is based on conditions of
components with said plasma processing chamber and conditions of one of said plurality of
substrates.
20. The system of claim 18, wherein said fault device is configured to while calculating said

summary of statistical values, apply a local linear fit to said sets of data.

21. The method of claim 1, wherein said corrected fault vector is normal to said drift vector.
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22. The method of claim 1, wherein:
said drift vector passes between two of said first set of samples, wherein said first

set of samples are identified as good samples;
said uncorrected fault vector has a first initial point on said drift vector and

extends between two of said second set of samples, wherein said second set of samples are

identified as bad samples; and

said corrected fault vector has a second initial point on said drift vector and
extends between two of said second set of samples.
23. The method of claim 1, wherein said corrected fault vector is equal to said uncorrected
fault vector minus a first unit vector multiplied by a product of a second unit vector and said drift
vector.
24. The method of claim 23, wherein:

said first unit vector corresponds to said drift vector; and

said second unit vector corresponds to said uncorrected fault vector.
25. The method of claim 1, further comprising:

performing a least square linear fit of said drift vector to said first set of samples;

if a result of said least square linear fit is less than a first predetermined value,
setting said drift vector to zero;

if said result of said least square linear fit is greater than or equal to said first
predetermined value, determining a correlation value based on (i) the first set of samples as
projected onto said drift vector, and (ii) corresponding timestamps;

if the correlation value is less than a second predetermined value, setting said

drift vector to zero; and
if the correlation value is greater than or equal to the second predetermined value,

accepting said drift vector.
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