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Statistical process control (SPC) has been successfully proven useful for quality and
productivity improvement in many domains, especially in industries. For most of SPC
applications, the quality of a process or product is measured by one or multiple quality
characteristics. However, some processes are better characterized by profiles or functions.
Kang and Albin (2000) described an example of aspartame (an artificial sweetener), in which
the quality is characterized by the amount that dissolves per liter of water at different
temperatures. The real example considered in Kang and Albin (2000) is a semiconductor
manufacturing application involving the calibration of a mass flow controller, in which the
performance of the process is characterized by a linear function. Another example presented
in Mahmoud and Woodall (2004) aimed at studying the stability of the calibration curve in the
photometric determination of Fe* with sulfosalicylic acid, in which the relationship between
the response variable (the absorbance of the solution) and the explanatory variable (the
concentration of the solution) is a linear function. For other examples, see Kim et al. (2003)
and the papers cited therein.

Some profile monitoring methods have been proposed for this type of processes in the
literature. Kang and Albin (2000) and Kim et al. (2003) proposed several methods for
monitoring the process in which the quality is characterized by a linear profile. Shiau and
Weng (2004) proposed a nonlinear curve profile monitoring scheme by nonparametric
regression. The models used in the above-mentioned research works assume that there is no
subject-to-subject variation; in other words, the randomness of the profile data only comes
from the errors such as measurement errors. However, in many practical situations, such as
the aspartame example and the vertical density profiles (VDP) of particleboards given in
Walker and Wright (2002), there indeed exists subject-to-subject variation.

NP3 BN

The main objective of this study is to propose and study some new profile monitoring
schemes for the applications with subject-to-subject variation. Both liner and nonlinear
profiles are considered. For nonlinear profiles, both the nonlinear (parametric) regression
approach and the nonparametric regression approach are considered. For the nonlinear
regression approach, analysts need to choose an appropriate parametric regression model. The
nonparametric regression is a more flexible approach since no assumptions are made on the
functional form of the profiles except the smoothness of the profiles.

BN
Kang and Albin (2000) presented two approaches to monitoring linear profiles. The first

1



approach uses a multivariate T? control chart to monitor the profile parameters, slope and
intercept, simultaneously. The second approach treats the “residuals” of a sample profile —

defined as the deviations from the reference profile at some set values (X-values)—as a
rational subgroup and uses a combined EWMA/R (exponentially weighted moving
average/range) chart for profile monitoring. Kim et al. (2003) presented another approach: for
each profile, code the X-values of a profile by centering so that the estimators of the
Y-intercept and the slope of the regression line are independent; then construct two two-sided
EWMA charts to monitor the Y-intercept and slope separately and a one-sided EWMA chart
to monitor the process variation. They combined these three charts and called this scheme

EWMA:.
For nonlinear profiles, Walker and Wright (2002) proposed additive models to assess the

sources of variation of vertical density profiles of particleboards. Ding et al. (2006) proposed
using nonparametric procedures to perform Phase | analysis for multivariate nonlinear
profiles. Jin and Shi (2001) used wavelets to monitor and diagnose process faults. Gardner et
al. (1997) use some spatial signature metrics defined for measuring the deviation of the
observed profile from the reference profile to diagnose the equipment faults. They reported
that these metric-related charts are very powerful in detecting standard deviation shifts. With
a nonlinear regression model, Williams et al. (2003) studied the use of Hotelling T2 control
charts to monitor the parameter estimates of the nonlinear regression fits to the successive sets
of profile data. Williams et al. (2006) gave an application of nonlinear profile monitoring to
dose-response data. Jensen and Birch (2006) proposed using a nonlinear mixed model to
model profiles in order to account for the correlation structure within a profile.

As to the nonparametric regression approach in profile monitoring, many nonparametric
regression estimation methods are available, including, for example, the popular kernel
estimation, smoothing splines, local polynomial regression, and spline regression. For
nonparametric regression, readers are referred to, for example, the books by Wahba (1990),
Hardle (1990, 1991), Hastie and Tibshirani (1990), Green and Silverman (1994), Simonoff
(1996), Eubank (1999), and papers cited therein. In this project, for the profile modeling, we
adopt spline regression as the curve-fitting/smoothing technique for its simplicity.

PR A

In control-chart implementation for SPC applications, it usually consists of two stages,
Phase | and Phase Il. A major goal of Phase | is to collect a set of in-control data to establish
an in-control baseline for Phase Il to construct appropriate control limits for on-line process
monitoring. Thus, in Phase |, recognizing out-of-control data from the historical dataset
accurately is important. In Phase Il, the main concern is to detect process shifts from the
baseline established in Phase | as quickly as possible when monitoring on-line data. Thus, to
evaluate a monitoring scheme, the main concern in Phase | is to assess how effective the
scheme can detect the out-of-control profiles correctly, while the emphasis of Phase Il is on



detecting process changes as quickly as possible. In Phase I, we use the “true-alarm rate” (the
rate of detecting real out-of-control profiles) and the “false-alarm rate” (the rate of claiming
in-control profiles out of control) as our assessing criteria. In Phase |1, the ARL is often used
to compare the performances of competing control charts. Note that the monitoring statistics
across the historical profiles are not independent. Thus, we use the Bonferroni method to
control the familywise error rate (FWER), which is referred to as the overall false-alarm rate
in SPC context. As it is well known, the Bonferroni method can be quite conservative
sometimes, which may cause a dramatic loss in detecting power. To meet our goal in Phase |
and to enhance the detecting power, we also consider controlling the false discovery rate
(FDR) proposed by Benjamini and Hochberg (1995) instead of controlling the FWER. In this
study, we extend the procedure provided in Benjamini and Hochberg (1995) to deal with
multiple charts in Phase | profile monitoring and call it the Multiple FDR method.

(1) For random-effect linear profile monitoring, we propose combining three
Shewhart-type control charts to monitor linear profiles. A combined chart means we monitor
the process by more than one chart and the combined chart signals out of control if any of the
charts signals. In Phase Il operation, since the three statistics under monitoring are mutually
independent, we give the same in-control false-alarm rate to each control chart such that the
overall in-control false alarm rate of the combined-chart scheme is controlled at the prescribed
level « . In Phase | operation, estimators across profiles are not independent, but the three
statistics under monitoring for each profile are mutually independent. Therefore, to control the
overall false-alarm rate in Phase | monitoring, the Bonferroni method and the Multiple FDR
method are implemented and compared. For details, see Chen (2006), a master thesis research
work supported by this project.

(2) For nonlinear random-effect profile monitoring with nonlinear regression approach,
we propose a new robust method for Phase | operation. In the Phase | analysis of historical
data, in order to improve the ability of detecting multiple outliers, we propose using a
Hotelling T? chart based on the Minimum Covariance Determinant (MCD) estimators
proposed by Rousseeuw (1984), which are robust estimator of multivariate location and scale,
in conjugation with FDR, which is a relatively new statistical procedure that bounds the
number of mistakes made when performing multiple hypothesis tests. For details, see Feng
(2006), a master thesis research work supported by this project.

(3) For nonlinear random-effect profile monitoring with nonparametric regression
approach, based on Shiau and Weng (2004), we extend the fixed-effect model to a
random-effect model in order to provide more variability that we often observe in many
profile data, e.g., the aspartame example and VDP example. Like Shiau and Weng (2004), we
use the B-spline regression technique to smooth profiles. With the random effect model, we
put emphasis on the covariance structure. To analyze the covariance matrix, it is natural to
consider the technique of the principal component analysis (PCA). The PCA is very useful in
summarizing and interpreting a set of profile data with the same equally spaced values of the



independent variable X for each profile. In this study, we construct our monitoring schemes
by utilizing the eigen-vectors and principal component scores obtained from PCA. If these
scores correspond to separate modes of variation, then it is natural to monitor each principal
component score for what it represents. If not, we suggest a combined-chart scheme that
combines the charts of these principal component scores for profile monitoring. In the
historical analysis of Phase | data, due to the dependency of principal component scores, we
adopt the Hotelling T?chart to check for stability. For details, see Tsai (2006), a master thesis
research work supported by this project.

Simulation studies are conducted to investigate the effectiveness of the proposed
methods and also to compare their performances in terms of the false-alarm rate, detecting
power, as well as average run length. Profiles mimicking the aspartame profiles mentioned
before are used as an illustrative example.

I~B%8%

(1) For liner profile monitoring, we propose monitoring statistics for intercept, slope, and
variance of the error term. The distributions of these monitoring statistics are derived. The
control limits are then established based on these distributions accordingly. The ARL of the
combined-chart scheme for Phase Il operation is then derived, assuming the process
parameters are known. In practice, the in-control values of the process parameters are not
known, so a major task in Phase | is to estimate them using historical data collected from the
process. To detect out-of-control profiles among the k profiles in the historical dataset, k
multiple tests are performed simultaneously. To control an overall false-alarm rate at level «,
we must adjust the false-alarm rate for each individual test. Here, we consider two methods,
one is the commonly used Bonferroni method and the other is the Multiple FDR method
proposed particularly for the combined-chart scheme. Simulation results show that the
Multiple FDR method is better than the Bonferroni method in terms of detecting power,
especially when more out-of-control profiles are in the historical data. The tradeoff of using
the Multiple FDR method is the slightly larger “false-alarm rate”, which is defined as the
proportion of the false alarms within the in-control profiles in the historical data.

(2) For nonlinear random-effect profile monitoring with nonlinear regression approach,
we propose a profile monitoring scheme which involves first a preprocessing step of the
nonlinear regression estimation, then use the parameter estimates to compute a robust T?
statistic based on MCD estimates, and finally apply the FDR procedure to identify
out-of-control samples. Simulation studies show that the proposed FDR scheme (with MCD)
outperforms the regular T? control chart based on MCD (without FDR). We apply the
proposed method to a hypothetical aspartame example to evaluate the performance of the
proposed method. Simulation studies show that our methods are effective in detecting any
reasonable number of outliers.

(3) For nonlinear random-effect profile monitoring with nonparametric regression



approach, we show by simulation that the sample-covariance-based T?chart performs better
than the successive-difference-based T*chart for temporal shifts. In addition, a simulation
study is conducted to evaluate the performance of each principal-component-score chart and
the combined-chart in terms of the average run length. The simulation study demonstrates that
the combined chart scheme is comparable with the best principal-component-score chart. Also,
it is found that the number of principal component scores used in constructing control charts
has an effect on the detecting power. We adopt the cross-validation method to choose the
number of principal component scores.

The profile monitoring is a useful SPC technique and a promising area of research. More
statistical methods, models, and ideas are needed. Curve data analysis techniques given in
Ramsay and Silverman (2005) may be useful here.
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