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Abstract
In recent years, for reducing the
experimental time and costs, engineers

gradually adopt the step-stress accelerated
degradation tests (SSADT) in the study of
lifetime distributions of highly reliable
products. In this study, we propose a
nonparametric regression stochastic process
model for SSADT data We assume that
different stress levels only affect the
degradation rate of the product characteristic,
but not the degradation trend. Given a set of
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acceleration factors, SSADT data can be
transformed into the form of usua
accelerated degradation test (ADT) data
under the largest stress level. With the
relationship between the acceleration factors
and the stress levels, we propose an
algorithm to estimate the acceleration factors.
Then, we can obtain the lifetime distribution
of the product under usua use by applying
the method proposed by Shiau, Chien, and
Chang [14]. To illustrate the proposed
method, we apply the method on a set of
SSADT data, which is generated from a set
of real ADT data of an LED (light emitting
diode) product with given acceleration
factors. To study the effectiveness of the
method, we further simulate two sets of
SSADT data with known functions in order
to evaluate the method and the resulting
lifetime distribution estimate. The results are
promising. The proposed nonparametric
regression estimation method offers a
flexible alternative to the usua parametric
models for analyzing SSADT data.

Keywor ds. Nonparametric regression ~
Accelerated degradation tests -
Step-stress accel erated
degradation tests ~ Lifetime
distribution ~ Stochastic process
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New advanced technologies, greater
market  competition, higher  customer
expectations, and much more quality
improvement efforts have been contributing
to the high reliability of many products.
Therefore, how to assess the lifetime
distributions of these highly reliable products
has become a chalenging task. In such
circumstances, accelerated tests are widely
used to shorten the product life or hasten the



degradation of the product performance. The
am of accelerated degradation tests is to
obtain inferences on product life or
performance under usual use in a reasonable
length of time by appropriate modeling and
anaysis.

For some situations that the failure time
of the product cannot be observed in a short
period of time, it may be possible to measure
the physical degradation of the product as a
function of time in terms of certain product
quality characteristics, for instance, “light
intensity” of light emitting diode (LED)
products. The data obtained by measuring
such quality characteristics over time are
called degradation data.

In order to reduce the time and costs,
degradation data are often obtained by
accelerated degradation tests (ADT) or
step-stress  accelerated degradation  tests
(SSADT). ADT is an experiment under a
constant stress level, while SSADT uses
different stress levels a  different
experimental time intervals. If there are n test
items for each of the m stress levels, then the
total number of test items for the whole ADT
experiment is mn, while the SSADT
experiment would only need n test items.
Hence the SSADT experiment is more
economical than the ADT experiment. Thisis
particularly true at the beginning of the
product development, because usually there
may not be enough prototypes to perform
ADT. SSADT experiment can help overcome
this problem.

Almost al the ADT or SSADT analyses
use parametric regression models to infer the
product life under usual use. Nelson [10]
provided a fairly thorough survey on ADT.
Lu and Meeker [6] estimated the life
distribution with a nonlinear mixed effects
model for degradation data. Meeker and
Escobar [7] reviewed recent research in
accelerated testing. Meeker, Escobar, and Lu
[9] presented methods for analyzing ADT
data. Meeker & Escobar [8] presented many
up-to-date statistical methods for analyzing
reliability data. Nelson [10, Chapter10 and 11]
described basic ideas on step-stress
accelerated degradation tests models. Tseng
and Wen [15] described a method for

assessing the reliability of an LED product
with a set of SSADT data and performed a
sensitive analysis of the proposed model.

These degradation data can be
considered as so-called functional data
Ramsay and Silverman [11] introduced how
to analyze the functional data and used
principal components analysis to describe the
covariance structure of the data. Shiau and
Lin [12] proposed a nonparametric regression
accelerated life-stress (NPRALS) model for
assessing the mean time to failure of an LED
product from a set of ADT data. Shiau, Chien,
and Chang [14] further estimated the lifetime
distribution by simulating a large number of
the degradation paths of the product from the
estimated NPRALS model. They also
proposed a method to handle data with some
censored lifetimes. A comparative study
showed that the proposed method
outperforms the existing parametric modeling
method.

In this study, we extend the previous
research to developing a non-parametric
regression method for estimating the lifetime
distribution of a product from SSADT data.
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As the result of the project, we have
developed a procedure for estimating lifetime
distributions from SSADT data by
nonparametric regression approach. The
first step isto filter out the noise contained in
the SSADT data, for which we can apply a
smoothing technique to data curves to
achieve this objective. Because the SSADT
data have different degradation rates for
different stress levels, data smoothing needs
to be done piecewisely. For smoothing
techniques, see[1,2,3,4,5,11,16].

We develop an agorithm to estimate the
mean curve of the SSADT data and the
acceleration factors. For given acceleration
factors, we transform the SSADT data into
the form of ADT data under the largest, say,
m-th stress level by time scaling. The mean
curve under the m-th stress level of the ADT
data can be estimated by a smoothing spline.
We can estimate the acceleration factors by
grid search or downhill simplex method. The



algorithm is described as follows:

1. As a preprocessing step, we smooth
the degradation path of the SSADT data first
to prevent the experimental noise from
getting in the way of estimation.

2. Consider a candidate set of the
smoothing parameter df (means “effective
degrees of freedom”). For each df, we will
search over the possible domain of
acceleration factors. For each candidate df
and acceleration factors, first transform the
SSADT data to the ADT data of the m-th
stress level. Estimate the mean curve of the
m-th stress level of the ADT data by spline
smoothing. In our study, S function
smooth.spline is used for computing spline
estimates. df can be a real number; but for
simplicity, we only choose integers.

3. For each df considered, minimize the
average squared error criterion to estimate
the acceleration factors.

4. Choose the smoothing parameter df
by minimizing the GCV (generalized cross
validation) criterion. Then the corresponding
acceleration factors and mean curve estimate
arethefinal estimates.

We currently do not have suitable
SSADT data at hand to analyze so that we
create a SSADT data set from a real ADT
data set as described in the following. The
ADT data consist of three sets of degradation
paths of an LED product collected under
three stress levels, 25C, 65C, and 105C,
respectively. The quality characteristic is the
light intensity, which was measured at 59
time points. Because the values of the initial
light intensity are not the same for these test
items, the data are standardized so that all the
initial values become one. In order to
eliminate the noise in the data, we smooth the
data before any further data anaysis.
According to Nelson [10], if temperature is
the acceleration variable, then the Arrehenius
rate relationship is widely used for
temperature-acceleration degradation. Shiau,
Chien, and Chang [13] analyzed the data and
found that the data fit the Arrehenius
relationship very well. The acceleration
factors that we choose to generate SSADT
data are (0.1, 0.4, 1). According to the
SSADT model, we generate SSADT data by

interpolation from the smoothed ADT data
under 105°C. Consequently, we generate 17
SSADT paths, and for each path the
standardized light intensity is computed at 86
time points. The termination time under the
three stress levels are at 1680, 6720, and
14534 hours, respectively.

With the generated SSADT data, the
resulting estimates of the relative
acceleration factors (with respect to the last
acceleration factor) are 0.1078 and 0.4121.
To make data look more realistic, we perturb
the value at each data point with independent
Gaussian noise. It is observed that the
smoothing step helps in estimating the
relative acceleration factors.

In order to have a known true mean
function and covariance structure to check
the validity of the method, we conduct a
simulation study. Let the mean curve under
the usual use be exp(-.2t) /(1+ 2t). Assume

the covariance structure of the curve data can
be represented by the first two principal

components,  +/15/8(1-(.4t-1)?) and

\/Esin(.4ﬂt). We first generate degradation

paths (under usual use) with no error term.
Then transform these paths to SSADT paths
according to the prescribed relative
acceleration factors.

We generate a set of SSADT data, which
consists of 30 curves with relative
acceleration factors (0.1, 0.5, 1), and each
curve is evaluated at 42 time points. The
termination time of the three stress levels are
0.04, 0.096, and 0.164. As before, we
estimate the relative acceleration factors for
this set of data, and obtain 0.0995 and 0.4992,
which are very close to the true values. Again,
we perturb these paths with some errors. It is
found that the estimation of relative
acceleration factors of the pre-smoothed data
is much better than that of the un-smoothed
data, and these estimates of the smoothed
data are very close to the true values.

An alternative method for estimating
acceleration factors by the generaized
additive model is also studied. This method
performs okay but not as good as the first
method.

After estimating the relative acceleration



factors and the mean curve of the degradation

paths under the m-th stress level, we now can

estimate the lifetime distribution of the
product under usua use by the following
procedure.

(1) Transform each path of the SSADTdata
into a path of the ADT data of the largest
stress level by the estimated relative
acceleration factors.

(2) Apply Shiau, Chien, and Chang [14]’s
method to the transformed ADT data to
obtain the lifetime estimate.

In the LED example, the goa of
estimating the lifetime distribution for an
LED product under usual use is achieved by
utilizing the Arrhenius rate relationship. If
the relationship between the stress level and
the acceleration factor is not available for
other applications, then including the usua
use condition in the experiment is suggested.
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This project has been well executed. A
master student was well trained in this area of
research. The research result [13] will be
submitted for publication to a well-known
international journal on Reliability. The new
nonparametric regression method proposed
under this project is a brand new approach in
SSADT dataanalysis problems. It is believed
that this approach will be useful in many
other applications.
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