
AUTOMATIC FAULT DETECTION AND CLASSIFICATION IN A 

PLASMA PROCESSING SYSTEM AND .METHODS THEREOF 

BACKGROUND OF THE INVENTION..  

[00011 	Plasma processing systems have long been employed to process substrates 

such as semiconductor wafers and flat panels, for example. A plasma processing system may 

be employed to perform processes such as deposition, etching, cleaning, etc. 

[0002] 	- In a plasma processing systern employed for producing semiconductor 

devices, for example, it is highly desirable that the plasma processing system produces 

electronic devices with the highest yield and with the lowest cost of ownership. possible_  To 

achieve a high yield and to reduce tool down time, which contributes to a higher cost of 

ownership, it is critical to detect and Classify faults rapidly in order to minimize damage to 

wafers major to the plasma processing system components, A fault condition may arise due 

to, for example, chamber component malfunction, chamber component wear, incorrectly 

installed chamber components, and/or any other condition that requires cleaning, 

maintenance, andlor replacement of one or more subsystems of the plasma processing 

system. 

[00031 	A modern plasma processing system may employ numerous sensors to 

monitor various process parameters such as optical emission, voltage, current, pressure, 

temperature, etc. The data monitoring performed by each sensor may output data at rates of 

up to hundreds of samples per second or more. Given. the large number of sensors involved, 

a modern plasma processing system may generate a huge volume of sensor data for a given 

processed wafer. If the analysis of the sensor data. is performed manually, it. is often 

impossible to accurately detect and/or classify a fault condition from the voluminous sensor 

data in a timely manner_ If a. fault condition is not detected in a timely manner, further 

processing may result in damage to one or more wafers and/or to chamber components,. Even 

after plasma processing is halted, a large amount of time must be devoted to sifting through 

the voluminous sensor data to ascertain the fault that occurred in order to facilitate fault 

remedy. 

[00041 	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 

supply 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 to automatically detect fault conditions 

and to analyze the sensor data to classitr 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 to improved methods and apparatus for automatically detecting fault 

conditions and for classifying fault conditions in an automatic and timely manner. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0006] 	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: 

[0007] 	Fig. 1 shows an example lower electrode subsystem; comprising a lower 

electrode, an outer cover ring, and a top cover ring. 

[0008] 	. Fie, 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 timely detection of &nit conditions as well as automatic- and timely 

classification of faults. 

[0009) 	Fig, 3 shows, in accordance with an embodiment of the invention, an example 

method for generating a fault model, 

[0010] 	Fig.. 4 shows, in accordance with an embodiment of the invention, the steps 

associated with automatic channel filtering. 

[0011] 	- Fig. 5 shows, in accordance with an embodiment of the invention, a weighted 

PCA technique for reducing the data dimension. 

[0012] 	Fig. 6A, 613, 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. 

[0013] 	Fig, 7A, 7B, and. 7C show that the correlation can be quantified. by the term 

r(k), representing the magnitude of the fault when the wafer sample vector Vk  is projected 

onto the fault vector W. 

[001.4] 	• - Fitt. 8 shows, in accordance with an embodiment of the invention, the steps for 

setting the boundary for a fault signature. 

[0013] 	Fie. 9 shows, in accordance with an embodiment of the invention, the steps liar 

validating a fault model. 

[001.6] . 	- 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 wafer process data. 



DETAILED DESCRIPTION OF EMBODIMENTS 

[0017) 	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 an-, 

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. 

[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 

manufacture that includes a computer-readable mediurn 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, opto-

magnetic, optical, or other forms of computer-readable medium for storing computer-

readable code_ Further, the invention may alsb cover apparatuses for practicing embodiments 

of the invention. Such apparatus may include circuits, dedicated andior 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, 

[0019] 	Embodiments of the invention relate to a highly automatic, time-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. I shows an example lower electrode subsystem 

100, comprising a lower electrode 102, an outer cover ring 104, and a top cover ring 106. A 

wafer 108 is also shown. Top cover ring 106 is shown partly worn away, representing an 

example fault 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 fault condition 

depicted in Fig. .1 as Well as the timely and accurate classification of the fault as one 

associated with a worn top cover rine; would 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 repair/Maintenance. 



[00211 	Fig. 2 shows, in accordance with an embodiment of the invention, a logic 

block diagram of various subcomponents of a plasma processing chamber 200 that is capable 

of automatic and timely detection of fault conditions as well as automatic and timely 

Classification of faults. With reference to Fig. 2, there is shown a plasma processing chamber 

202 having therein a lower electrode subsystem. that comprises a 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 controller, temperature. control, etc., 

are omitted for ease of illustration. 

[00221 	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 monitoring 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 

detectionklassification unit 220, which comprises the software and/or hardware for 

automatically performing fault detection andior 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 fault model is a set of data characterizing 

a specific fault condition. These fault models are generated in advance, as will be discussed 

later herein, and are employed for perfbrtning fault detection and/or fault classification in 

accordance with one or more embodiments of the invention, 

[0024] 	Fault detection/classification unit 220 receives sensor data from multiple 

sensors. Due to the large number of sensors present in a typical modem plasma processing 

systera, and the fact that each sensor may send hundreds or more data samples per second, 

fault detection/classification unit 220 performs inventive data manipulation to render it 

possible to efficiently and timely detect and/or classify fault. Aspects of the data 

manipulation to enable timely detection andlor classification of faults are discussed later 

herein. The fault identification and/or fault clasSification may be employed by a controller 

224 to control the plasma tool (such as, for example, timely stopping the tool before further 

damage may occur or making in-situ adjustments to remove the fault). 

[00251 	Fig. 3 shows, in accordance with an embodiment. of the invention, an example 

method for generating a fault model. These fault -models are stored in the fault library (e.,g„, 

fault library 222) for use during. production for fault detection and/or classification in step 

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

focus rings (whether intentional Or not) and may employ the sensor data associated with these 

wafers to derive a fault model-for worn focus rings. The good fault models are also useful for 

classification purposes, as are any other fault models. 

[00261 	In step 306, the sensor channels are pre-filtered to exclude channels showing 

little variation. .Pre-ffitering is one part of data manipulation to reduce the amount of data to 

be handled during fault dete.ction and/or analysis. Considering the large number of sensors 

involved and the fact that each sensor may generate hundreds or more data samples per 

second, data manipulation is a highly useful step foe improving the timeliness and efficiency 

of fault detection/filtering. In an embodiment, data from sensor channels that do-not 

contribute to fault detection (e.t.a, invariant to the fault in question) would. be  excluded during 

pre-filtering. Pre-filtering is discussed in greater detail herein in a subsequent flow chart. 

[00271 	In step 308, weighted principal component analysis (:PCA.) is performed on the 

remaining data channels associated with all wafer data samples. Weighted PC.A aims to 

reduce the data dimension and is another part of the data manipulation to reduce the amount 

of data. to be handled to improve the timeliness and efficiency of fault detection/filtering. 

Weighted PCA is discussed in greater detail herein in a subsequent flow chart. As a result of 

weighted PCA, the data samples for the wafers are represented in a multi-dimensional PCA. 

space (step 31.0). 

[00281 	In step 312, the fault signature is defined using, in part,- the user-specified 

"bad" 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 build a 

fault signature eharacterizing this known fat& A fault signature is, generally speaking, a 

vector in the PCA space. Fault signature is discussed in greater detail herein in a subsequent 

figure. 

[00291 	In step 314, the data samples associated with the wafers are represented in a 2-

I) 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 fault 

signature (angle between the data sample and the fault signature). The representation in a 2-

I) correlation plot is discussed in greater detail herein in a subsequent figure. 

[00303 	In step 316, the fault boundary (Which defines the boundary of data parameters 

deemed to be a. fault) is calculated from the 2-1) correlation plot. The calculation of the -rank 

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



[0031) 	In step 318, the robustness of the fault model is validated, A fault model, as 

the term is employed herein, comprises at least the fault signature, the fault boundary, and the 

PCA parameters (e.g., the PCA coefficients associated with the :PCA channels after weighted 

PCA). The validation of the &tilt model is discussed in greater detail herein in a subsequent 

figure. 

[00321 	Fig. 4.shows, in accordance with an embodiment of the invention, the steps 

associated with automatic Channel filtering (the pre-filtering step 306 of Fig_ 3).. The steps of 

Fig. 4 represent one. advantageous embodiment—there are other ways to perform pre-filtering 

to reduce thenuraber of data channels by eliminating channels that .do not contribute to the 

variation. 

[0033) 	In. step 402, the summary statistics (such as average, median, maximum, 

minimum, noise, etc. )'are calculated for individual channels across all wafers submitted. In 

an embodiment, the noise may be estimated using a local linear 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 all 10 wafers as part of step 402, in an embodiment 

[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 i7mT is the 

median pressure reading for wafer #5 and 19inT is the median for wafer 46, the variation in 

the median statistics is calculated for channel 437 across alt wafers, The variation may be 

expressed by a standard of deviation measure, for example. Median is preferably employed 

since it tends to give a more reliable statistics regarding the channel data even if some 

samples in that channel drop Out now and then during sensor data collection. However, other 

statistical measures (such as average) may also be employed in some embodiments. - 

[0035) 	In step 406, data channels that are deemed to be invariant to the fault. condition 

(i.e., the data does not change appreciably enough to contribute to 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, such 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. Et should be understood-that other methods of 

excluding invariant data channels may also be employed. 

(0036) 	As can be seen in step 406, if the variation in the median statistics of a 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 a data. channel is less than 



some multiple of the channel resolution (i.e., the manufacturing tolerance associated with that 

channel due to sensor manufacture, transmission line tolerance, etc.), that data channel is 

deemed to be insufficiently variant. to heii cluded. in that case, that data channel is excluded 

(step 410). Otherwise, the data channel is included for building a fault model andior for 

detecting and/or analyzing for faults (step 412). 

[0037] 	Fig. 5 shows, in accordance with an embodiment of the invention, a weighted 

PCA technique for reducing the data dimension. Generally speaking, in PCA, correlations 

among channel variations are analyzed in order to 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 to be -captured in the PCA data 

space. 

[0038) 	However, if the number of "bad" samples is very low compared to the number 

of "good" and "unknown" samples, the contribution from the "bad" samples May be too 

insignificant, making it difficult to capture this variation in the PCA data space. 

[00393 	In the weighted PCA technique 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 "unknown" samples is below this ratio, the "bad" samples are 

replicated until the threshold is reached. In so doing, it is possible to capture the desired 

variation between the "bad" sample(s) and the good/unknown samples even if the number- of 

"bad" samples may be too low to enable the capture of the desired variation in the PCA data 

space otherwise. 

[00401 	With reference to Fig. 5, in step 502, a dataset comprising N1  of "bad" 

samples and N, of "good" and/or "unknown" samples is prepared. In step 504, it is 

ascertained whether the number of "bad" samples N1 -  is less than some predefined ratio of the 

number of "good" and/or "unknoWn" samples 2. The purpose of step 504 is to ascertain 

whether the number of bad samples N1  is too low to enable capturing of the. desired variation 

contributed by the "bad" samples. in the implementation of Fig. 5, the ratio 'is set to be 1110 

of N2 although any suitable ratio may be used. 

[0041] 	if there are insufficient "bad" samples NI, the "bad" samples are replicated 

until there is a sufficient number of "bad" samples relative to the predefined ratio (step 506). 

At any rate, PCA is then pertained (step 508) on the data set after• Measures are taken to 

ensure On. step 504) that there is a sufficient number of "bad' samples 
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[0042] 	In step 510, the principal components are retained to sufficiently capture 80% 

(or some other desired percentage) of the variation_ Steps 508 and 510 are well-known to 

those familiar with PCA and will not be elaborated here. • 

- f004•3:1 	Fig. 6A, 6B, 6C and (ii) 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-dimensional in Fig. 6A but may have as many 

data dimensions as desired 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 vector Vo is defined to be 	chamber drift vector and is represented- as 

shown in the reduced .PCA data space of Fig. 6A. Chamber drift:over time affects the plasma 

(which affects the center of the "good" samples,- fbr example, as time goes by) and needs to 

be accounted for in order to 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 drill component in creating the fault signature, more accurate fault 

detection and analysis may be achieved. This is a sianificant improvement over the prior art. 

[0045] 	Corrected fault vector Y represents the vital components of uncorrected fat& 

vector Vi after accounting for the chanter drift. Mathematically sPeaking, the computation 

for corrected fault vector VI, is shown in Fig. 6B. In Fig. 613, the canceled fault vector VI:: 

equals the uncorrected fault vector VI  minus the unit vector of the chamber drift (VO times 

the dot product of the uncorrected fault vector Vi .and the unit vector of chamber drift V0. 

The corrected fault vector Vp,  may be seen in Fig. 6A, lying along the line that. connected the 

center of the "bad" samples to the drill vector Vc and is normal to the drift vector Vo. The 

calculation of the uncorrected fault vector V; is shown in Fig. 6C, and the calculation of the 

drill vector Vo  is shown. in Fig. 61). From the uncorrected fault vector VI obtained. using Fig_ 

6C, and the calculation of the drift vector VG  obtained using Fig. 61.), 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 at 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 
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"good" samples to the center of "bad" samples (step 632). Otherwise, the uncorrected fault 

vector VI 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 V. 

[0047] 	With reference to Fig. 6D where the calculation of the drift.  vector Vo  is 

accompliShed, a 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. 6.D but may vary as desired), then the drift vector 

Vo  is set: to be zero (step 656). On the other hand, if the goodness7of-fit is above (step 654) • 

the threshold, then a further check is perfOrmed. to see if the data samples projected onto this 

fitted Vo correlate well with their time stamps (since the-expectation is-that the data samples. 

will be distributed along the drift vector in the direction of drift with passing time): 

[0048] 	Thus in step 658, the correlation between the data projected on to the fitted Vu 

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 Vo is accepted as the drift 

vector (step 660). Otherwise, the drift vector Vi)  is set to be zero (step 656). 

[0049] 	Once the fault vector 	is defined, the correlation between. any wafer sample 

vector Vk and the faith- vector Ve can. be calculated to detect whether the wafer sample Vk 

exhibits &lilt characteristics and, if applicable, to-classify the fault (by iteratively comparing 

the wafer sample Vk  with different fault vectors representing different faults). .Fitt. 7A shows 

that the correlation can be quantified by the term r(k), representing the magnitude of the fault 

when the wafer sample vector V is projected onto the fault vector Vii. Mathematically, this 

relationship is illustrated in Fig. 7B, Furthermore, the angle 0 between the wafer sample 

vector Vk  and the fault vector VF reflects how closely the wafer sample resembles the fault. 

Mathematically, this relationship is illustrated in Fig. 7C, 

[0050] 	The various samples can be calculated relative to the fault vector Vf. in order 

to obtain a display of data samples in a 2-D coordinate system, with each sample k being 

plotted at r(k), 0(k). 

(00511 	Fig. 8 shows, in accordance with an embodiment of the invention, the steps for 

setting the boundary for a fault signature. Once the. data samples are plotted in a 2-D 

coordinate system, with every sample plotted at r(k), fl(k), the boundary for a fault condition 

may be established_ Fig. 8 shows an example of a 2-D data sample plot, with the "good" or 

"unknown" samples clustered within region. 802. The "had" samples are clustered within 

region 804. To set. the boundary for the fault condition represented by the "bad" sample's in 
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region 804, a maximum 0(max) is identified for the "bad" sample that exhibits the greatest 

angle 0 among the "bad" samples. 

[0052] 	To provide for a margin of error, the angular bo€►ndary for the fault condition 

is some multiple (integer or non-integer multiple) of this maximum 0(max). in the example 

of Fig. 8, point 808 represents- the sample with the maximum 0(max) from the horizontal axis 

(where 0 = zero). The angle 0(max) associated with the sample of point 808 is multiplied by 

1.2 (an arbitrary innither and may vary if desired) to obtain the maximum boundary 0(b). 

[00531 	To provide for a margin of error, the radius r associated with the data sample 

having the smallest r(k) is identified. This minimum radius ifk) is multiplied by some 

fractional constant (0.8 in the example of Fig, 8 but may vary if desired). With reference to 

Fig. 8, the boundary 812 represents the boundary for the fault Condition, and data samples 

falling within boundary 812 may be classified with that fault condition. 

[0054] 	if there -is only a single "bad" data point, the angle 0(b) that bounds the fault 

condition may alternatively reflect the parameter values outside of the "good" samples plus 

some margin. In an embodiment., the minimum 0(111in) of all good/unknown samples is 

sealed by some fractional constant in order to derive the angle 0(b) that bounds the fault 

condition. With respect to Fig. 8, suppose point 814 represents the "good" sample with the 

smallest 0(min) value. Line 816 depicts this angle 0(min) associated with the minimum angle 

of the "good" or "unknown" samples. By scaling this minimum 0(min) by a fractional 

constant (0.8 in this example but the value may -change as desired), the boundary angle (1(b) is 

obtained and. is depicted by lime 820 in Fig. 8. 

[00551 	Fig. 9 shows, in accordance with an embodiment of the invention, the steps for 

validating a fault model. In 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 

fault boundary. limit, the fault model is rejected (step 906). On the other hand, if both 

conditions of step 902 are true, it is further ascertained (step 904) if every "bad" sample has 

been taken out of the "bad" samples cluster at least once to iteratively re-validate the fault 

model. If every "had" sample has been taken out of the "bad" sample cluster at least once to 

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). 

[00561 	On the other hand, if there remains one or more "bad" samples to be taken out 

of the "bad" sample cluster• to iteratively re-validate the fault model, the "bad" sample that 

has not been taken out is pulled Out of the bad samples cluster to facilitate re-validation of the 

fault model (step 910). The fault vector and fault boundary calculations (steps 312-316 of 
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Fig: 3) are performed again fin 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 

"bad" sample pulled out is put back into the cluster. In this manner, the recalculation of the 

fault vector and fault boundary is performed with only one "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 limit boundary is performed with only one set of "bad" samples missing at a time. 

[00571 	Once all "bee[" samples have been pulled out at least once and the fault model 

tests satisfactorily, the validation ends at step 908. 

[00581 	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 wafer 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. 

[0059] 	Fig. 1.0 also Shows a library of fault Models (block 1006), representing a data 

store of pre-built fault models 1006. A fault model comprises the fault signature, the fault 

boundary, and the PCA parameters as discussed earlier. Different fault models may 

characterize different known faults (such as worn 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). 

[0060j 	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 in step 1008 to 

facilitate detection and classification against the selected fault model. In step 1012, the, 

correlation (0 and r) of the wafer process data is computed against the fault vector VI: 

associated with the fault model selected in step 1008. ht step 1014, it is ascertained whether 

the wafer process data under test 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 fault model selected in step .1008. 

(0061j 	On the other hand, if the wafer process data under 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 to 

test the wafer process data against other fault models even if a potential fatilt is already 

detected to determine Whether there may be multiple possible faults: 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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model to test again. The process continues until it is ascertained in step 1016 that there are 

no another fault conditions to test. In step 1020, a report is generated to report the fault 

correlation 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. 

[00631 	More importantly, embodiments of the invention systemize and de-skill the 

process of fault model building. The human operator is no longer required to know Which 

data channels to select for inclusion, how to account for baseline drift, and hoW to set .  

boundary conditions. These decisions have been systemized and automated in the fault 

model building process. In_some cases, all that is required to build a fault model is the 

identification of the fault condition and the tagging of the data sample associated with that 

wafer with the appropriate "bad" tag. 

[00641 	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 data mapping and 

limit boundary setting render the fault model building process, fault detection and 

classification highly automated, robust and efficient. 

[00653 	While this invention has been described in terms of several embodiments, 

there are alterations, permutations, and equivalents, Which fall within the scope of this 

invention. 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. Furthermore, enibodiments of the present invention may 

find utility in other applications. The abstract section is provided herein for convenience and, 

due to word count limitation, ,is accordingly written for reading convenience and should not 

be employed to limit the scope of the claims. It is therefore intendedthat 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. 

12. 
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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. 

5. 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 I, 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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