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Abstract

In this work, a Prognostic/Diagnostic approach was made
to use knowledge-based system to accelerate the proc-
ess/equipment faults detection and classification. The do-
main knowledge within the Fab environment can be either
captured by PHM systems or populated by the experienced
engineers. With the implementation of the proposed PHM
system, as shown in Fig. 2, domain knowledge stored in the
PHM-Equip and PHM-APC (Advanced Process Control)
subsystems will feed forward and feed backward through
the entire process flow. For example, device information
from the PHM-BE (Back End) subsystems will be easily
shared with process and equipment engineers. Likewise,
process information from PHM-Equip and PHM-APC sub-
systems can also be shared with Device and Test engineers
to achieve a Fab-wide collaboration environment. These
PHM systems are executed in a formal factory automation
environment with all the correct compliances for equipment
interface and integration plus MES connectivity.
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INTRODUCTION

Tool health and Process health are the primary goals for
FDC and APC implementations in the Fab environment.
The successful implementations of FDC and APC rely upon
process and equipment engineers’ domain knowledge. From
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Figure 1, the next step of quality evolution is to utilize the
knowledge-based system to accumulate and share the do-
main knowledge within the Fab environment in order to
improve the productivity and efficiency of Fab operations.

FDC is very effective in detecting tool/equipment faults.
However, the corrective actions still rely upon engineers to
perform the tasks. The time delay between the faults dis-
covery and problems being fixed is a function of the engi-
neers’ expertise and experience. In order to shorten the time
delay mentioned above, knowledge-based systems are
needed to assist engineers in performing the tasks in the
shortest time possible.

The proposed knowledge-based system called Prognos-
tic/Diagnostic Health Management System (PHM) consists
of many diagnostic rules to help the engineers drilldown to
the root causes in a matter of minutes instead of hours.
Moreover, the prognostic rules implemented from the
equipment vendor or experienced engineers can predict the
upcoming faults to reduce tool/equipment downtime. Figure
2 shows the implementations of Fab-wide PHM systems.

The integrated PHM system, called PHM INT, consists of
three subsystems (i.e. PHM-Equip, PHM-APC and PHM-
BE). PHM-Equip subsystems with built-in databases and
knowledge bases are designed for tool/equipment health
management while PHM-APC subsystems are sketched for
linking PHM-Equip subsystems and current APC systems.
An example of this implementation is the integration of
Recipe Management system with PHM-Equip to achieve
the SEMI E126 and SEMI E133 (The Process Control Sys-
tem (PCS)) standards for recipe download verification.
PHM-BE is designed for backend operations such as PHM-
Etest for process health management and KGD (Known
Good Die) applications with Wafer Electrical Test data,
PHM-DDR for Defect Density Reduction and PHM-BEST
for Back End Wafer Sort and Final Test operations.



An example of failing oxygen sensor prognostic rule
implementation to demonstrate the effectiveness of the
PHM system is given in Figure 7 and 8. This approach will
be described in detail in this presentation. The user-friendly
rules development and test environment will also be dem-
onstrated.

With the implementation of the proposed PHM system as
shown in Fig. 2, domain knowledge stored in the PHM-
Equip and PHM-APC subsystems will feed forward and
feed backward through the entire process flow. For example,
device information from the PHM-BE subsystems will be
easily shared with process and equipment engineers. Like-
wise, process information from PHM-Equip and PHM-APC
subsystems can also be shared with Device and Test engi-
neers to achieve a Fab-wide collaboration environment.
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Figure 2: Components of a Fab-wide PHM Systems

EXPERIMENTAL

The datasets from TI's (Texas Instruments) experiment
were utilized to illustrate PHM’s capabilities in faults detec-
tion and classification. The training and test datasets from
the 129 wafers can be downloaded from this URL:
http://software.eigenvector.com/Data/Etch/index.html.
There are 21 variables from a LAM 9600 Metal Etcher and
129 OES (Optical Emission Spectroscopy, 245 to 800 nm)
parameters from the OES fiber optics sensors as shown in
Table 1. The training dataset consists of 108 wafers taken
during 3 experiments. There were 21 wafers with intention-
ally induced faults as shown in Table 1. The experiments
were run several weeks apart and data from different ex-
periments has a different mean and somewhat different co-
variance structure. Therefore, these three datasets were ana-
lyzed separately to avoid system degradation effects.

Table 1: Variables and faults listing

% Variables: gg;'f;l)g':;:;'m % Faults:
1. Time 11.RF Load Wﬂ%ﬂ 1. TCP+50 11,CI2 +5
2. Step Number 12.RF Phase Err monitore: 2. RF-12 12.BCI3 -5
3. BC3Flow  13.RFPwr @250 nm 3. RF+10 13.Pr+2
4. Cl2 Flow 14.RF Impedance 0261.3 nm 4, Pr+3 14, Tcp -20
5. RFBtm Pwr  15.TCP Tuner ’ 266.6 nm 5. Tcp+10 15.TCP-15
6. REBmRfl  16.TCP Phase Err 6. BCI3+5 16,C12-10
272.2 nm

Pwr 17.7cP Tmpedance) * 7. pPr-2 17. RF-12
7. EndptA 18.TCP Top Pwr ®275.30m 8. c2-5 18, BCI3 +10
8. HePress 19.7CP Rfl Pwr @ 284.6 nm 9. HeChuck 19.Pr+1
9. Presaure 20.TCP Load € 288.25 nm 10.TCP +30 20. TCP +20
10.RF Tuner 21.Vat Valve .

®....

A Health Examination system is a multidimensional system.
In Most of the multidimensional systems, the objective is to
make a decision based on several input characteristics
(“characteristics” are also referred to as “variables”). Tradi-
tionally, Mahalanobis distance (MD) is used to determine
the similarity of a set of values from an unknown sample to
a set of values measured from a collection of known sam-
ples. The original MD calculations can be obtained from
Mahalanobis (1936). In the present method, MD is suitably
scaled and used to construct a scale to monitor the condi-
tion of entities of a multidimensional system. The method
has a new way of deciding which variables are useful (im-
portant) using Orthogonal Arrays (OA’s) and S/N ratios. A
discussion on OA’s and S/N ratios is given in Taguchi
(1987). Unlike in other methods, in this method the abnor-
malities (“abnormalities” are also referred to as “abnor-
mals”) do not constitute a separate population — they are
unique. Therefore, our problem is not one of classification
into two populations of normal and abnormal. The meas-
ures and methods used in Mahalanobis-Taguchi-System
(MTS) are data analytic (using the measures of descriptive
statistics and principles of Taguchi Methods) rather than
usual probability based inference.

THE MAHALANOBIS-TAGUCHI SYSTEM (MTS)
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Figure 3. Multidimensional diagnosis system




A typical multidimensional system used in MTS is shown
in Figure 3. In this figure X, X,,..., X, correspond to the
variables which provide a set of information to make a de-
cision. Using theses variables, MS (Mahalanobis Space) is
constructed for the healthy group, which becomes the refer-
ence point for the measurement scale. After constructing the
MS, the measurement scale is justified by considering the
known abnormals. The abnormals have to be checked with
the given input signals and in the presence of the noise fac-
tor (if any).

MTS is a diagnostic and forecasting tool for identifying the
degree of abnormality of observations based on multivariate
variables of “normal” group of observations. Examples of
normal groups are the healthy persons in a drug diagnostic,
the persons with good credit in a credit evaluation, and the
good products in a product inspection process. To apply
MTS, the first step is to define and sample ‘“normal” obser-
vations to construct a reference space, which is also re-
ferred to Mahalanobis Space (MS), and then we identify
whether the created Mahalanobis Distance (MD) has the
ability to differentiate “normal” group from ‘“‘abnormal”

group.

% Phase 1: Construct a measurement scale with MS as
the reference

In order to construct a measurement scale, we need to col-
lect a set of “normal” observations and standardize the vari-
ables of these observations to calculate the Mahalanobis
distances (MDs). MD measures distances in multidimen-
sional spaces by taking into account the correlation among
variables. In classical methods, Mahalanobis Distance is
used to find the “nearness” of an unknown point from the
mean of a group. In MTS, the MD in (1) is the original MD
divided by k. The MDs define a Mahalanobis Space (MS),
which provides a reference point for the measurement scale.
The following is the formula used to calculate MDs:

MD, =D =01/kz,Cc'Z, (D

Where ZJ. =standardized vector
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Where S;= standard deviations of i — th variable, C!=the
inverse of correlation matrix, k = number of variables, n =
number of observations, T = transpose of the standard vec-
tor.

According to Dr. Taguchi [4] the average value of
MD is equal to 1 for all the observations in MS, which is
why MS is also called unit space.

< Phase 2: Validate the measurement scale

For validating the measurement scale, we choose
observations outside of MS, usually “abnormal” observa-
tions. In the MTS, the decision maker chooses solely the
variables that are required for creating an MTS measure-
ment scale, so these variables need to be examined again to
make sure they are properly selected. After the measure-
ment scale is established, we need to use observations out-
side of MS to evaluate if these variables are suitable. If the
numbers of abnormal observations are ¢, we use the average
and standard deviation and correlation matrix of these
“normal” observations to calculate the MD in the “abnor-
mal” observations. According to the MTS theory, the MD
of “abnormal” observations will be larger than the MD of
“normal” observations, if this is a good scale.

RESULTS - Faults Detection

Step 1: Define the problem

In the MTS approach, we need to define “normal”
observations to construct the MS. In this example we define
three groups of training datasets as ‘“normal” observations
as shown in row 2 of Table 2, and use the MS constructed
from these “normal” observations to differentiate the other
three test datasets as shown in row 3 of Table 2.

Table 2 Experiment Split Information

Experiment | Experiment | Experiment | Experiment
No. 1 2 3

Training Wafers Wafers Wafers
Dataset 1-34 35-71 72 - 108
Test Wafers Wafers Wafers
Dataset 1-9 10- 15 16 - 21

Step 2: Define response/control variables

We define the 21 machine state variables and 129 OES
variables as the control factors, and MD as the response
variable.



Step 3: Construct the “Full Model MTS Measurement
Scale”

In this step, we collect “normal” observations to construct
the “Full Model MTS Measurement Scale”.

Table 3, 4 and 5 show the three different experiment results.

The measurement scale is constructed by training datasets
while the capability of measurement scale is demonstrated
by test datasets. Table 3 shows the MDs distribution be-
tween this “normal” data and the other “abnormal” data.
The average of the MDs for normal data of Experiment 1 is
0.999713, which is very close to 1. This is very close to the
theory of the MTS. The range of the MDs for abnormal
data for Experiment 1 is 2.75 — 43.815. The results of ex-
periment 2 and 3 are shown in Table 4 and 5, respectively.

Table 3 Experiment 1 Machine State Variables

results
Datasets Experiment 1
Training datasets MD | 1.83727
Threshold liII]it, (0999713)
average MD
@ Wafer 1 HD
18 2.751194
Test datasets MDs 2z g
(275 - 43.815) 5 2 2 960299
61 3.383108
73 4.667629
87 28 47 h46
L) 43.81564

Table 4 Experiment 2 Machine State Variables results

Datasets Experiment 2

Training datasets MD | 1.894087

Threshold hmlt, (0999725)

average MD
8 Yafer 1 HD

Test datasets MDs 11 2.449816
2 15 2.934251

(2.4498 - 201.701) 312 3.95354
418 4 .1436855
5 14 13.465369
6 13 201_761001

Table 5 Experiment 3 Machine State Variables results

Datasets Experiment 3
Training datasets MD | 1.989112
Threshold hmlt, (09997 1 8)
average MD

A Wafer 1 HMD
Test datasets MDs 117 2.453123
2 16 2661746
(2.453 -5.758) 3 18 3.323704
y 28 B 416141
5 21 4 5529
6 19 5 _758571

Step 4: Validate the ability of the measurement scale

According to the MTS theory, the MD of “abnormal” ob-
servation will be larger than the MD of “normal” observa-
tion, if this is a good measurement scale. In this study, we
use a test sample to validate and calculate the MD for each
observation. The MD threshold limit is computed from the
training dataset with %95 confidence level. The result
shows that the measurement scale constructed by all 21
machine state variables is good, since all the test wafers’
MD are all greater than the respective threshold limit.
Therefore, they were all identified as faulty wafers.

1' PHM-Equip Examples: Data Source
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RESULTS - Faults Classification

For machine state faults detection, a model with 21 vari-
ables (i.e. 21 dimensional system) was built to detect sys-
tem faults. The 21x21 correlation matrix contains all the
correlated information among the 21 variables. Similar to
the machine state model, a 129x129 model with 129 vari-
ables was also built using OES dataset.

In order to find out the variables associated with the system
faults, we need to be able to distinguish the signal pattern
shift of each variable as shown in Figure 4 between the test
dataset and the model built from the training dataset. There-
fore, we need to build pattern recognition models for each
variable. For each variable in the training dataset, we plot
the signal pattern vs time. Then we converted the image




into a digital data table. The columns of this data table were
carefully chosen to maximize the pattern recognition capa-
bilities using MTS methodology. The results of fault classi-
fication using MTS pattern recognition are shown in Table
6. Note that in Table 6, test wafer 2 and test wafer 18 have
the same four machine state variables associated with the
RF-12 system fault. This result confirms that our MTS pat-
tern recognition technology was able to capture the vari-
ables associated with the system faults.

Table 6 Machine State Variables associated with Ma-
chine State Faults

Test Waters | Faults Parameter Signatures
1 Ter0 Step Namloer BCL F lew Endh A He Press i Load A Par TGP Tuner TGP Top Por ine
B CED "Step Nirubes,BICL3 Flow,RF Bl Pa,RF Bt R P, Endol PRRToee LAl Valte @ e o
3 RF 10 L3 Flaw 12 Flow, - Bl RilPr R Tuner, TP Loast 2
4 Pre3 ‘Step Number RF Btm Al Pwr Endpt & He Press,RF Tuner RF LoadRF Phase B TCP funer TCP R0 AN &S
associated
G Tor 10 Step N BCL3 F low G2 Flove i Eim Rl Py F Prv TGP Ril Porr TGP Load i i
3 BCI3 +5 RF Btm Py RF Etm Rf| Pavr Endpt A TCP Top Puw TCP Rfl P, TCP Load,Vat Valve R R
7 B ‘Step Numier BCL3 F law F BLm Ril o F Tuver FF Load,RF o T0P Tuner, TP RIT Fault
0 o5 RF Bt P fF P val Valve
0 He Chuck Step Nk C12 Flow R Btm Ril P 1z Press RF Porr ¥ Impecance, 1P Top Par
10 Top 30 BCLA Flaw 3 BIm P, Bim Rl P ProsoueF Pwr, 1CP Phase EITTGP RiJfer T0P Londd
G c245 Step Nuimoer FF Btm 2 Pwr Encit A, Tuner G P 1CP Il Par i
faults
5 5 ¢ S Narba 2 Fow 7 Bin Per ressref¥ Fer e T T R i) L OtE that-Wafer
1 Pz Sten Namber Endt &RF Phase ErF P FF Inpedence G Presc e ) 2 @nd 18 has &4
15 TCP 20 I o BF Bim P B Bim Rfl P Ende 4 fressure, RF P, 1CP PhosErc common
16 ToP 15 RF Btm P B Rl P, Tuner, G Pt TP Tuner, TCF APt e
7 cz10 Siep Nurrloer BCL3F w RF Bm Ril P FF Load,1CF T alve
= C=n T T T e e e —
19 BCI3 +10 Ste N BCL3 F law FF Bm Ril Par Endt ARF Phase Err R Pwr AF Impetance,TCP Tuner,TCP Impedance,TCP Rl Pwr
20 P Step N BCL3 F law FF Bm Ril P e Press TGP Load
£l Tep 20 RF BEm Ril P Enct A Pressure,1CP Ril Pt

The variables associated with the system faults will then be
converted to either prognostics or diagnostics rules by the
system’s built-in Pattern Signature capture program as
shown in Figure 5.

PHM Failure Classification System (FCS)
ot S N
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Figure 5. Create Diagnostic Rule from pattern signature

Prognostics/Diagnostics rules can be either generated auto-
matically from pattern signature capture or can be popu-
lated by experienced personnel. With 20 fault diagnos-
tic/classification rules in the system, PHM system’s Faults
detection and classification summary is shown in Figure 6.
Note that from Figure 6, FDC status (i.e. fault or normal),
System Health Index and parameters associated with faults
allows the equipment engineers to generate pareto analysis
and other statistical summaries to keep track of equipment
performance and utilization.

PHM SUMMARY FOR TEST ID: cesdata_test_11;1
TEST_ID: |oesdata_test 11,1 SPC STATUS

RECORD
EQUIPMENT: [oes Dane, | bB-DEC-2005

TEST_DATE: |08-DEC-2005 RECT?;ED 121842171

DATASET ID

FDC Status

Level One:
System Fault

1
2
3
4

|

EQUIPMENT Retipe Name JOURNAL WFS_NO OPERATOR Detecti
[oes [oEsG1 [TesTon [oEs [ operator \ Letection /
NO_DATASET HO_DATASET TOTAL
SYSTEM SLEESTEID TESTED FAILED DATASET
QWIKS 38 1 38
TOTAL DATA FAILED DATA INVALID DATA OUT OF CTRL OUT OF CTRL
POINTS POINTS POINTS DATA POINTE PARAMETERS
[2902 [204 [108 [1200 ]
QUT OF SPEC DIFF. PATTERHS
PARAMETERS PARAMETERS

COMMENTS: | 4.766802/¢1 04.018206%)/149.208992%) FRAMESET ID: 00
has TCP Plus 50 fault
Clear |

SAVE Comments

Level Two: Fault Classification

No. of Parameters’ Image not
matched with Model

1

Health Index and
Diagnostic
Results

Figure 6. PHM Fault Detection and Classification
Summary

Example of Prognostic Rule for oxygen sensor

Figure 7 shows the pattern signature for a failing oxygen
sensor compared to a normal oxygen sensor shown in Fig-
ure 8. It will be beneficial to report the failing sensors with
limited life time left to the equipment engineers for proac-
tive system maintenance.

[R]pisposition Results =S
4l pomoraph | M| selectarameters | [ 11 |
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Figure 7 Failing oxygen sensor
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Figure 8. Normal oxygen sensor

With PHM’s built-in signal pattern recognition technology,
the failing oxygen sensor’s %img_off_target (i.e. image off
target value) is 22.87% compared to the normal oxygen
sensor signal of near 0%. With the appropriate setup of
rules as shown in Figure 9, it is very easy to detect the
symptoms and report them to the equipment engineers for
appropriate corrective actions.
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Figure 9. Failing oxygen sensor prognostic rule

CONCLUSION

The domain knowledge stored in the PHM-Equip and
PHM-APC subsystems (Figure 2) will feed forward and
feed backward through the entire process flow. Wafer Elec-
trical Test information from the PHM-Etest subsystem will
be easily shared with process and equipment engineers.
Likewise, process and equipment operational information
from PHM-Equip and PHM-APC subsystems can also be
shared with Device and Test engineers to achieve a Fab-
wide collaboration environment. As a result, equipment and
processes are monitored “real time” allowing for immediate
notification, identification and suggested remediation of
both equipment and process issues. This in turn provides
decreased scrap wafers, improved process, quality control,
and increased yield to the Fab environment. Additionally,
with a Knowledge Base of countless years of equipment
maintenance knowledge, equipment repairs, spares and
warranty issues can be tracked in a single location. Even
small gains in yield can provide millions of dollars in in-
creased revenues to any Fab.
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