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Abstract

The goals of this three-year project are to develop
integrated inspection and control schemes for
semiconductor cluster tools, which include
off-line process optimization and on-line process
control techniques.

In the first year, we have developed rational
subgrouping technique for modeling the oxide
thickness non-uniformity of the rapid thermal

cluster tool. In the second year, we then
developed the on-line supervisory control
technique.

The tasks of the third year include: 1) to develop
integrated inspection and control methodology 2)
to construct an integrated inspection system
prototype and 3) to conduct data analysis.

Currently the tasks are all completed. The
proposed integrated inspection methodology is
developed and the equipment monitoring system
prototype is constructed. Time-series modeling
and multivariate statistics are used to model the
real-time equipment data for on-line monitoring
purpose.

Keywords: statistical process control, supervisory
control, real-time equipment monitoring.



Integrated Inspection and Control for
Semiconductor Cluster Tools

ABSTRACT

As the wafer size increases from 200mm to 300mm, quality
improvement and control for single wafer processing
demand a tighter inspection and automation requirement.
In recent years the use of cluster tools has become
increasingly important for semiconductor fabrication. It is
the goal of this research to develop integrated inspection
and control schemes for semiconductor cluster tools, which
include off-line process optimization and on-line process
control techniques. Key algorithms of the developed
techniques are reviewed.

INTRODUCTION

As the wafer size increases from 200mm to 300mm, quality
improvement and control for single wafer processing
demand a tighter inspection and automation requirement.
In addition, to maintain the current productivity
improvement in IC fabrication, the overall equipment
effectiveness (OEE) must improve from the current 35% to
70% [1]. Studies have shown that process control will
contribute to the OEE improvement because 1) it reduces
the time for running test wafers 2) it improves wafer output
quality 3) it reduces unscheduled downtime 4) it reduces the
time for wafer rework and 5) it enhances correction
efficiency. In the meantime, there has been a trend toward
more in-situ measurements and real-time control for future
semiconductor fabrication.  This in turn demands an
integrated inspection and control solution. It is then the
goal of this research to develop integrated inspection and
control schemes for semiconductor cluster tools. Here we
define process optimization and control as the improvement
of equipment / process performance by the integration of
equipment, process, material, and wafer information
acquisition; decision making; and execution.

In the current practice, process optimization and control are
implemented in two stages: off-line and on-line. Off-line
optimization uses the techniques of design of experiments
[2]. Response surface methods [3][4] and the Taguchi
method [5][6] are examples of methodologies based on the
design of experiments. Both methods create models for
the purpose of estimating the optimal operating point
(recipe).

The most popular approach for on-line process control is
the use of statistical process control for on-line fault
detection [7][8]. Although it has been practiced in the
semiconductor industry for many years, its capability is not
fully utilized. Two examples are rational subgrouping and
sampling techniques. For example, Roes et al. [9] describe

the rational subgroup techniques. Nurani et al. [10] and
Mclntyre et al. [11] investigate the sampling issue within
the semiconductor industry. Spanos et al. in UC-Berkeley
[12][13] and Bunkofske in IBM [14] propose an SPC
scheme that utilizes time-series and multivariate SPC
techniques to monitor tool data. Another on-line process
control scheme that is getting more attention within the
semiconductor industry is the supervisory control or
run-to-run control. The SIA roadmap has specifically
mentioned that during 1999-2004, run-to-run control should
be implemented [15].

In summary, the integrated process control strategies have
been identified as [16]:

a) usein-line / in-situ metrology

b)  use supervisory control

¢) track individual wafers

d)  use multivariate SPC methods, and

e)  monitor equipment performance in real time.

Based on these requirements, an integrated inspection and
control framework for semiconductor equipment is
proposed in Figure 1. As can be shown, the proposed
framework consists of three modules: SPC, supervisory
control and real-time monitoring. The SPC module serves
as an on-line post-process monitoring tool while the
real-time monitoring module serves as a real-time
equipment/process monitoring tool.  The supervisory
control module serves as a run-to-run control on wafer
output quality. Below, we review the key algorithms of
each module.
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Figure 1: Integrated inspection and control

SPC AND SUPERVISORY CONTROL

Figure 2 illustrates the functional framework of the SPC
and supervisory (feedback) control. As can be seen, the
SPC module is used to distinguish between the common
causes of variations and the special causes of variations.
Only when there is an evidence indicating that the abnormal
deviation is statistically significant, will the control actions
be taken. Here, the Shewhart control chart is used to



detect a large process deviation while the EWMA control
chart is used to detect a small process deviation. In the
supervisory control module, both small and large deviation
prediction modules use a moving average formulation.
The constant term of a linear control model, initially
obtained through off-line design of experiments and
regression technique, is then re-tuned based on the
estimated process deviation. A new process recipe
(equipment setting) for the next run is generated to
compensate for the observed process deviation. This
detection and control process is then repeated on a run to
run basis.
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Figure 2: SPC and supervisory (feedback) control

Next we demonstrate the effectiveness of the proposed
algorithm through a simulated example. In this simple
example, a process is assumed to have the model form as:

Yo =a+pX tg (1)

in which a = 3000, 8= 10 and & ~ N(0, o), o = 50.
Let’s further assume the target output is 3500. Now
suppose that the process mean has a sudden shift of 3o at
run 10 and the results of the process output with and
without using the detection and control algorithm are
compared in Figures 3(a), 3(b) and 3(c). As can be seen,
the process is brought back to the target value in two

adjustments that occur at runs 13 and 27. The first
adjustment at run 13 is actually triggered by the Shewhart
control chart at run 12 and the adjustment magnitude is
around 1.890. Since it is not completely compensated,
there is another adjustment at run 27 which is triggered by
the EWMA control chart at run 26 and the adjustment
magnitude is around 1.150.
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Figure 3(a): A simple example to show the effectiveness of
the proposed detection and control algorithm.
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Figure 3(b): Shewhart control chart for the simulated shifting
process.

35 b LCL

Figure 3(c): EWMA control chart for the simulated
shifting process.



REAL-TIME MONITORING

Real-time equipment monitoring and fault detection become
critical as most problems reveal themselves first on the
equipment performance and much later on the wafer quality.
To perform real-time monitoring, we have proposed the
following generic functions as shown in Figure 4.
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Figure 4: Generic functions in real-time monitoring.

As can be seen, the raw data can be examined through the
pre-determined specification windows. In this respect, we
propose the following functions:

a)  Overall health index: This index provides an overall
evaluation of the equipment’s health. Based on
evaluation of the tool parameters’ performance
against the setting specifications, a score is calculated.
The score is re-evaluated when new sampled data
points are received.

b)  Simultaneous monitoring scheme: The scheme
consists of 3 concentric circular regions.
Observations of different parameters are first

normalized and then displayed simultaneously on a
dartboard. The farther away the observations from
the dartboard center, the worse the performance of the
corresponding tool parameters. The display of the
scheme provides an easy reading of the equipment’s
overall status.

c) Trend analyses: The trend charts will help us to
examine the equipment performance over time.

Based on the proposed functions, a prototype is developed
using the data from a single-wafer rapid thermal chamber
(Figure 5). Figure 6 and 7 show the overall health index,
simultaneous monitoring dartboard and trend analysis for
the rapid-thermal chamber.
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Figure 5: Single-wafer rapid thermal chamber.

Figure 6: Overall health index and simultaneous
monitoring for the rapid thermal chamber.
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Figure 7: Trend analysis for the rapid thermal chamber.

Because of the presence of process dynamics and internal
feedback control mechanism, the real-time raw data often
possess auto-correlation and cross-correlation natures.
This prevents us from directly applying the traditional SPC
techniques to the real-time data. Pre-treatment of raw data
is thus needed. With data items classified into
independent groups, the following functions are proposed
for the real-time statistical monitoring:
a) Pattern filtering: This function builds a mathematical
model to characterize the equipment behavior based
on equipment data collected in real-time. Such a
model allows us to predict the running trend of each
data item under in-control conditions. By
subtracting the predicted values from the actual
observed value, the running pattern of the equipment
data is filtered out. Left over is the residuals that
can be later used to detect faults caused by special
causes.



b)  Multivariate SPC: The multivariate SPC technique is
applied to the residuals of multiple data items to
detect special faults that cause the process excursion.
With the pattern filtering function described earlier,
the normal behavior of the equipment data has been
correctly predicted. If any excursion occurs, the
actual observed values will deviate from the predicted
values and the excursion will manifest itself in the
residuals’ deviations.

Figure 8 shows the correlation between two equipment
signals while Figure 9 shows the data pattern filtering
function applied to the monitored signals.
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Figure 8: Correlation between temperature and current.
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Figure 9: Data pattern filtering.
CONCLUSIONS

In this research, we have presented an integrated inspection
and control scheme for semiconductor cluster tool. It
consists of three modules of SPC, supervisory control and
real-time monitoring. The SPC module and the
supervisory control module provide an on-line run-to-run
process quality control capability. The real-time
monitoring module provides real-time equipment/process

monitoring function.  Generic functions and modeling
algorithms were developed and a prototype was constructed
to demonstrate its feasibility.
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