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Abstract

Ramping up yield in semiconductor
manufacturing is getting more difficult as the
feature size of IC device continuoudy shrinks
down. How to efficiently detect and diagnose the
yield loss from the mass volume of manufacturing
datais becoming critical to enhance a
manufacturer’s competition capability. In this
research, we focus on techniques for
automatically extracting process knowledge from
production database for fault diagnosis and
optimizing device performance with fixed target.
An integrated parametric analysis schemeis
developed with supplemented graphical methods
to facilitate interpretation of results. It consists of

five phases: Device Variation Partition, Key Node
Screening, Linear Equipment Modeling, Graph
Aided Interpretation, and Control Policy
Re-evaluation. The concepts of quality control,
data mining, and process knowledge are
integrated in this scheme. Field data case study
shows that the integrated parametric analysis
scheme s able to diagnose the parametric yield
problem, help engineers construct the knowledge
base, predict the yield, and provide insights for
yield enhancement.

Keywords: Yield Improvement, Statistical Model,
Data Mining
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Abstract —This research focuses on techniques for
automatically — extracting process knowledge from
production database for fault diagnosis and optimizing
device performance with fixed target. An integrated
parametric analysis scheme is developed with supplemented
graphical methods to facilitate interpretation of results. It
consists of five phases: Device Variation Partition, Key
Node Screening, Linear Equipment Modeling, Graph Aided
Interpretation, and Control Policy Re-evaluation. The
concepts of quality control, data mining, and process
knowledge are integrated in this scheme.  Field data case
study shows that the integrated parametric analysis scheme
is able to diagnose the parametric yield problem, help
engineers construct the knowledge base, predict the yield,
and provide insights for yield enhancement.

INTRODUCTION

Ramping up vyield and quality in semiconductor
manufacturing is getting more difficult as the feature size of
device continuously shrinks down. How to efficiently detect
and diagnose the yield and quality issues from the mass
volume of manufacturing data is becoming critica to
enhance a manufacturer’s competition capability. Design of
experiments and powerful analysis tools provided by
Engineering Data Analysis (EDA) system have provided a
solid basis for a well tuned manufacturing process.
However, conducting either of them is time consuming and
tedious for a multi-stage process analysis. Additional tools
are needed to solve the complex problems faster.

“Data Mining” has emerged as a new tool to support the
rapid yield improvement efforts. It is a collection of
methods for automaticaly extracting buried information
and rules from enormous data. For example, Fujitsu and
Motorola adopt “decision tree” and “self-organization
neural network” respectively to identify the critical yield
factors from the normally collected wafer manufacturing
data [1][2]. These methods are powerful in detecting the
hidden trends and providing the capability to understand
patterns of behavior when the rel ationships are not known.

Although data mining techniques have been proved to be
useful for semiconductor manufacturing, each of them has
its own inherent pros and cons. Table 1 lists the comparison
of severa techniques such as decision tree, neural network,
and traditional regresson/ANOVA methods which are

commonly adopted for semiconductor manufacturing
analysis[3]. It can be seen that the mgjor advantages of data
mining techniques over the regression/ANOVA method is
that they do not need a pre-defined model. However, the
decision tree technique is less useful when we want to make
more precise predictions for a continuous variable, and the
neural network technique is difficult to make a physical
interpretation of the models.

This research intends to combine the advantages of both
standard statistical methods and modern data mining
techniques. In specific, an integrated parametric analysis
scheme sequentially adopting the techniques of decision
tree and regression/ANOVA is developed. The anaysis
results of this scheme are easy for physical interpretation
with the aid of satistical graphs. Also, it is designed to
provide the capabilities of fault diagnosis, qudlity
improvement, yield prediction, and knowledge base
construction.

In the following sessions, both issues and
functions of the integrated parametric analysis
scheme are first addressed. Then the various
phases in this scheme are applied to the field data
from alocal foundry fab for case study purpose.

INTEGRATED PARAMETRIC ANALY SIS SCHEME
From the viewpoint of process integration,
statistical stability of the process at thein-line
level does not guarantee that of the end-of-line
parametric data. First of all, not all the process
parameters are clearly identified, and furthermore
not all the dependencies among process
parameters are considered in the in-line process
control. There should be away for on-line
monitoring of processing equipment from the
“integration” level, i.e., based on the end-of-line
parametric yield performance.

The integrated parametric analysis scheme
provides this capability by two steps:
(sl) Decompose the parametric variation into hierarchical

levels of variation component such as lot-to-lot,
wafer-to-wafer, and across-wafer variation.



(2) Estimate the contribution of individual equipment on
each hierarchical variation component extracted from
the first step.

However, there are many equipment effects to be

extracted and these equipment effects will change

dynamically with time. Therefore, in addition to
the statistical methods, the integrated parametric
analysis scheme also incorporates with “ data
mining” techniques to solve these problems. As
demonstrated in Fig. 1, the scheme consists of
five phases: Device Variation Partition, Key Node

Screening, Linear Equipment Modeling, Graph

Aided Interpretation, and Control Policy

Re-eval uation.

Device Variation Partition

The major function of this phase is to decompose
the end-of-line parametric variation into
hierarchical variation components. Both mean
and variance effects of lot aswell as wafer level
are estimated. It adopts Multi-vari method [4] and
Variance Component Analysis[5] in this phase.

Key Node Screening

Once the parametric variation components are
extracted, the next step isto apply data mining
techniques to explore the large space of
explanatory factors. In specific, the decision tree
technique is adopted to identify the critical
process steps and corresponding equipment for
in-depth anaysis.

Linear Equipment Modeling

To further construct the relation between the
end-of-line parametric data and individual
equipment, an empirical modeling techniqueis
developed. The possible candidates for the
explanatory factors are selected in the previous
phase to achieve the goal of using the fewest and
simplest possible factor combination. The Linear
Equipment Modeling (LEM) is derived by
expanding the functional relationship with a
first-order additive model. To capture the
dynamic trend in explanatory factors, the time
period is also considered as an explanatory factor
in LEM. For example,

P
Yi=m+ & (X o) + €
p=1

where
Yis an parametric variation component at ot level,
i isthelot 1D,

pisthe critical process step ID,

Pisthe total number of critical process steps,

m(/, p) is the equipment ID processing wafer /in step p,

(i, p) isthetime period wafer / processed in step p,

m isthelong-term mean of Y,

Xyt p 1S the effect of equipment m(/, p) at time period
«i,p),

e ismodeling residual.

Graph Aided Interpretation

To facilitate the interpretation of the extracted equipment

effects from LEM, severa statistical graphs are used:

(gl) Normal probability plot: help engineers quickly
identify the abnormal equipment.

(g2) Mean/variance plot: provide clues for rapid diagnosis
and robust feedback control.

(g3) Trend (control) chart: enable the continuous
monitoring of stability of equipment from an
integration point of view.

Control Policy Re-evaluation

Daily or weekly running of the integrated parametric
analysis scheme provides an opportunity to discover the
underlying process model and evaluate the in-line process
control policy from an integration point of view. Based on
the “dependency” between the in-line parameters and the
extracted equipment effects from LEM, the following
scenarios are considered:

(c1) If the dependency is strong, it can be used for setting
thereliable in-line SPEC.

(c2) If there exists no significant dependency, try to
re-evaluate the in-line sampling strategy. We can
either enhance the sampling strategy for increasing
sensitivity or reduce the sampling size/rate for cost
down.

(c3) If the dependency is changing, dynamically increase
the sampling size/rate for rapid estimation of new
dependency, and try to find out the root cause and
include the new model into the knowledge base.

FAB DATA CASE STUDY
Due to the limit space, this paper skips the Device
Variation Partition phase and directly uses the lot
mean sequence of P+ contact resistance, Rc_P+,
coming from alocal foundry fab as an example.
In this case study, the parameter Rc_P+ was
detected to be out of control limit around the
250" |ot. Fi 0. 2 illustrates the end-of-line control
chart of Rc_P+.

Key Node Screening. With theq'?elp of decision tree
technique, the equipment in photo, etching, sputtering, and
rapid thermal annealing process steps are quickly identified
as the critical factors. Fig. 3 shows the decision tree




extracted from the data in week 15. As can be seen, it
provides an easy comparison among the equipment mean
effects and we can observe that ACON2 has a higher Rc-P+
effect than that of ACON3 (and ASPU6 > ASPU8, APHO4
> APHOG, AIMD1> AIMD2).

Linear Equipment Modeling Then LEM technique is
applied to the data set and the fitted regression model has a
R-Square of 0.80. Fig. 4 isthe observed vs. predicted plot.

Graph Aided Interpretation: As shown in Fig. 5, the normal
probability plot of the estimated mean effects clearly shows
that there are many significant equipment mean effects. Fig.
6 illustrates the candidate LEM explanatory factors selected
by the decision tree method and the estimated equipment
mean effect in week 15. It clearly shows the contribution of
“individual” equipment to the parametric lot mean, whichis
different from the “combinational” equipment effects as
estimated in the decision tree method (Fig. 3). Fig. 7 and 8
also show the trend charts of these equipment mean effects
from week 7 to week 15. They are useful for continuous
monitoring purpose.

Based on the combined use of decision tree method and
LEM technique, we were able to find out the root cause.
As shown in Fig. 7, the equipment mean effect of Rc-P+
has an upward shift in week 11 at equipment ACON3
(etching tool). Also in Fig. 8 the equipment mean effect of
Rc-P+ has an upward shift in week 11 at equipment ASPU6
(sputtering tool). To trace the root causes of “upward” shift
of Rc_P+ contributed by ASPU6, we also plot the trend
chart of in-line Ti measurements taken from ASPU6. As
shown in Fig. 9, the in-line measurements of Ti thickness
“drop” significantly in week 11. It is a surprise to us since
this observation is in contrast to the physical rule that
Rc_P+ should be proportional to the Ti thickness,
Rc P+ =ke hy/w 2

where Ay is the deposited Ti thickness, w is the contact
window size after etching inspection, and & represents the
contribution from other terms.

To explain the result, an investigation was performed. It
was found that the upward shift of the mean effect of
ACON3 was caused by a drop of contact window size. This
change also changed the relationship between the in-line
thickness and equipment effect of ASPU6. Fig. 10 shows
the scatter plot between Ti thickness and Rc_P+ contributed
by ASPUG6. As can be seen, the model after the “upward’
shift of equipment ACON3 had a larger slope compared to
the slope before the change. As a result, we observed a
higher ASPU6 mean effect even after the drop of the Ti
thickness.

Control Policy Re-evaluation. Based on the observation in
Fig. 10, reducing the upper specification limit of Ti layer
thickness hy; at the sputtering tool, ASPUG, would be useful
in compensating for the upward shift occurred at the

previous etching tool, ACONS3.

CONCLUSIONS

The integrated parametric analysis scheme combining
statistical  control methods with modern data mining
techniques is developed and studied using the fab data. It
provides a new approach of continuous monitoring of
in-line processing equipment from the viewpoint of process
integration. More applications based on this scheme such as
identification of equipment combination effects, yield
prediction, robust feedback and feed-forward control, and
knowledge base construction will be reported in the near
future.

REFERENCES

[1] H. Tsuda, H. Shiri, O. Takagi and R. Take, “Yield
analysis and improvement by reducing manufacturing
fluctuation noise” p249 - 251, ISSM 2000
proceedings.

[2] R. M. Gardner, J. Bieker, and S. Elwell, “Solving
tough semiconductor manufacturing problems using
datamining,” p46 — 55, ASMC 2000 proceedings.

[3] R. Kittler and K. Wang, “The emerging role of data
mining,” Solid State Technology, p45-58, val. 42(11),
1999.

[4] L.A. Seder, “Diagnosis with diagrams,”
Quality Control, vol. 6(4), 1950.

[5] C.Min, R. Guo, S. Chang, and J. Wei, “SHEWMA: an
end-of-line SPC scheme using WAT data,” |EEE Trans.
on Semiconductor Manufacturing, August 2000.

Industry

Regression/|Decision| Neural
ANOAV Tree |network
M odel ¥ v
free
Robust to
: Vv
outliers
_ Phys cal_ v v
interpretation
Continuous v v
outputs
| De\icd BaIEbRPartition | 5:) | Key Node Scresning | |
Enfrot 1IRUTOUES Hierarchica T criica
Manfectuing | | Components @Pfocees
Data 9 Equipment

| Linear Equipment Modeling |

In-line SPEC/ .

Sampling Probability Plot Mean
Evaluation & Mean/Variance Plot Variance
Feedback/forward Control Chart Effect
Control =

| Control Policy Evaluation | <:|| Graph Aided Interpretation |




Table 1: Comparison among datamining
techniques

Fig. 1. Integrated parametric analysis scheme
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Fig. 2: End-of-line control chart of Rc_P+
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Fig. 5: Probability plot of equipment mean effect
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Fig. 8: Sputtering equipment mean effect
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Fig. 9: Trend chart of ASPUG6 Ti thickness measurements
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