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Abstract
A control chart based on wavelets for preliminary analysis of individual observations is proposed for detecting the shifts in the process mean. The basic motivation for our proposed method
comes from the fact that the wavelets are able to detect the abnormal changes which may occur
at multiple scales in a small number of relatively large wavelets coefficients. The chart proposed
is preferable from a robustness point of view, has attractive detection performances and would be
particularly useful in preliminary setting where we usually do not have knowledge of the underlying
distribution.
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Introduction

Statistical Process Control (SPC) has been widely used to monitor various industrial
processes. Most of research in SPC focuses on charting techniques. Some control charts,
such as Shewhart chart, cumulative sum (CUSUM) chart and exponentially weighted
moving average (EWMA) chart are useful tool in detecting the shifts in the process mean
and/or deviation.
In the literature there are Phase I and Phase II control charts need to be distinguished.
In Phase II the process distribution is assumed to be completely known. However, the
process distribution or the process parameters are often unknown in practice. So, it’s
necessary to establish that a process is statistically in control and estimate the process
parameters, referred as preliminary, retrospective or Phase I analysis. In preliminary
analysis, the historical data is used to decide if the process is statistically in control and to
estimate the parameters of the process. Some times, the nature of the process may suggest
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rational subgroups within which the quality measurements are relatively homogeneous.
On the other hand, there are many situations where it is reasonable to analyze individual
observations, possibly because measurement is automated and every unit is measured,
because the rate of production is slow, or for other reasons (See Montgomery (1997)).
The preliminary, or Phase I, situation with individual observations is the focus of this
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article.
In the literature, there are a lot of control charts which were used in the preliminary
analysis for individual or grouped observations, such as X and MR control charts (see
Nelson (1982), Montgomery (1997), Roes, Does and Schurink (1993), and Rigdon, Cruthis
and Champ (1994)), the CUSUM Q chart (see Quesenberry (1991)), the control chart
based on the likelihood ratio test (LRT) (see Sullivan and Woodall (1996)). As Sullivan
and Woodall (1996) pointed out the LRT control chart is more powerful than combined X
and MR control charts in detecting a shift in either the mean or deviation or both for the
individual observations. But most such preliminary charts are based on the assumption
that the observations follow a normal distribution, although we usually do not have the
distribution information in the preliminary setting. So some robust schemes which do not
rely much on the normality assumption are needed.
Most such existing charting techniques methods operate at a fixed scale and are good
at detecting changes at a single scale. For example, Shewhart charts analyze the raw
measurements at the scale of the sampling interval or the finest scale, and are best for
detecting large, localized changes. In contrast, EWMA and CUSUM charts inherently
filter the data and therefore analyze measurements at a coarser scale. They are best for
detecting small shifts or features at coarse scales. But as pointed out by Bakshi (1998),
in contrast to the single-scale nature of SPC methods, data from most practical processes
are inherently multiscale due to events occurring with different localizations in time, space
and frequency. An example of such data is given in Aradhye et al. (2003) Figure 1. Other
kinds of such multiple shifts also should be considered in preliminary setting and so the
monitoring schemes can be adaptive to the multiple shifts are needed.
In recent years, wavelets have already had a remarkable impact in applied mathematics and statistics. A lot of people are now applying wavelets to a lot of situations, and all
seem to report favorable results. Some excellent results about the application of wavelets
to density estimation and nonparametric regression were obtained (see Ogden (1997a), and
Vidakovic (1999)). Especially, there also exists a vast literature on the theory of wavelets
decomposition and other statistical elements of multiscale monitoring methods, such as
Bakshi (1998), Aradhye et al. (2003). Recently, a good review paper of the application of
wavelet on monitoring and diagnosis is given by Rajesh Ganesan et al. (2004).
With the benefits of multiscale representation using wavelets, a new control chart
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for the preliminary analysis of individual observations is proposed in this paper which
can be adaptive to many kinds of multiple mean shifts. An appropriate version of the
Central Limit Theorem to argue that the proposed scheme is robust against the normality
assumption. For a comparisons, the LRT control chart is taken as a standard alternative.
However, in fact, there are no standard alternatives because other methods rely on the
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assumption that the observations follow a normal distribution. Therefore we choose some
perhaps imperfect comparisons to show the effectiveness of our approach. We use Haar
basis for the wavelets in this paper.
This paper is organized as follows: a brief description of wavelets and the discrete
wavelet transform used in statistics is given in section 2; The description and design of the
the control chart based on wavelets are given in section 3; An illustrative example of the
proposed control chart is given in section 4; The performance comparisons are considered
in section 5; The discussions of the proposed chart and the future work are given in section
6.

§2.

A Brief Overview of Wavelets

Before introducing the control chart based on the wavelets, a brief overview of discrete
wavelet transform (DWT) is given in this section. The details about Wavelets could be
found in the literature, such as Ogden (1997a) and Vidakovic (1999).

2.1

Discrete Wavelets Transform

For a given data set f1 , · · · , fn with n = 2J , there exits an orthogonal matrix W,
which is determined by the wavelet type, such that the DWT coefficients θj,k are given by
θ = Wf,

(2.1)

where θ is the n-vector of discrete wavelet coefficients θj,k , k = 0, · · ·, 2j −1, j = 0, · · ·, J −1.
In practice, the DWT could be done by an efficient algorithm that only requires O(n)
operations. Obviously, the inverse DWT may be represented by
f = W T θ.

(2.2)

As Donoho and Johnstone (1994) pointed out we have the following approximated formula:
√
nWj,k (i) ≈ 2j/2 ψ(2j t − k),
t = i/n,
(2.3)
where Wj,k (i) is the ith element of the (2j + k)th row of W. It can be seen that the
values of the wavelet coefficient θj,k measure the magnitude of the signal frequency and
the locations of change points, i.e. θj,k indicates the the signal with frequency 2j locates
around spatial location 2−j k.
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The Application of Wavelets to Regression

A lot of wavelet-based statistical methods were developed in the literature, such as the
probability density function estimation, regression building, Bayessian methods, data modelling and forecasting in time series, etc (see Vidakovic (1999)). Especially, after Donoho
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and Johnstone (1994) showed that the wavelet thresholding had desirable statistical optimality, wavelets-based methods have got spread use in many statistical disciplines. A
brief introduction of wavelets’ application to regression is given in this subsection.
Let f (·) be an interesting function, the samples y1 , · · · , yn were independently collected at t1 , · · · , tn , respectively. Then the model is given by

yi = f (ti ) + εi ,
i = 1, 2 · · · , n.
ε i.i.d.
∼ N (0, σ 2 ),

(2.4)

i

Without loss of generality, we suppose the function f (·) is defined on the interval
[0, 1], which is equally spaced by ti ’s. Let y, f and ε be the collections of yi ’s, f (ti )’s and
εi ’s. Then the DWT of y is given by
d = Wy,

(2.5)

where W is an orthogonal matrix of order n. Obviously, the original data y can be
reconstructed by the inverse DWT as y = W 0 d. From equations (2.4) and (2.5), we can
decompose the DWT of y into two parts:
d = Wf + Wε = θ + η.

(2.6)

So, the wavelets coefficients d is distributed as Nn (θ, σ 2 In ), where In is the n × n identity
matrix, and θ is zero vector if the function f is constant on interval [0, 1]. The thresholding
methods (Donoho and Johnstone (1994)) could be used to decide if the wavelets coefficients
are far away from zero.

§3.

A New Preliminary Control Chart

In this section we propose a preliminary control chart based on the wavelets, the
DWT chart, which to the best of our knowledge has not appeared in the literature before
and is used in detecting the shifts in the process mean only.
For the sake of simplicity, it will be assumed that the size of historical data n = 2J for
some positive integer J. Suppose there are n independent observations that are assumed
to be from the linear model
xi = µi + εi ,

i = 1, · · · , n.

(3.1)
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Under the assumption that εi are independent normal random variables with zero-mean
and variance σ 2 , as it said in subsection 2.2, the wavelets coefficients θj,k obtained by
DWT of data (x1 , x2 , · · · , xn ) are independently identically distributed as N (0, σ 2 ) when
the process is in-control, that is µi = µ. Meanwhile, even when the normal assumption is
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not satisfied, with the use of the Haar basic, we still can appeal to an appropriate version
of the Central Limit Theorem to argue that the distribution of wavelet coefficients {θj,k }
converges to normal distribution N (0, σ 2 ) as j decreases. For a heuristic explain, we use
the example given by Percival et al. (2000). It is that, for n = 24 , the elements of the
Haar DWT of (X0 , X1 , · · · , X15 ) are given by
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(3.2)

represent the average of the λ contiguous data values with indices from t − λ + 1 to t. We
refer to X t (λ) as the sample average for scale λ over the set of times t − λ + 1 to t. Using
the definition for X t (λ), we can rewrite the elements of W as
1
1
W0 = √ [X 1 (1) − X 0 (1)], · · · , W7 = √ [X 15 (1) − X 14 (1)],
2
2
W8 = X 3 (2) − X 1 (2), · · · , W11 = X 15 (2) − X 13 (2),
√
√
W12 = 2[X 7 (4) − X 3 (4)],
W13 = 2[X 15 (4) − X 11 (4)],
W14 = 2[X 15 (8) − X 7 (8)],

W15 = 4X 15 (16).
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Note that the first eight DWT coefficients W0 , · · · , W7 are proportional to differences
(changes) in adjacent averages of X0 , X1 , · · · , X15 on a unit scale, the next four W8 , · · ·, W11
are differences in adjacent averages on a scale of two, W12 and W13 are proportional to
differences on a scale of four, W14 is proportional to a difference on a scale of eight. Then
the appropriate use Central Limit Theorem is easy to justify.
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From above, if the process mean has no change, the wavelets coefficients will be i.i.d.
N (0, σ 2 ) random variables. The heuristic underlying the development of the proposed
scheme in this paper is that, if some mean changes have been occurred, most of the
wavelets coefficients will still have the zero mean, but that a small number of coefficients,
localized to the area of the change-point, will exhibit significant signal. Then some test
statistics based on the wavelets coefficients which contain the out of control information,
can be used to give a signal that the process mean shifts have been occurred. Now, the
main problem is that how to select a few important wavelet coefficients that represent key
features of the mean changes and use them to form a test statistic used in this paper.
First of all, we care about the situation where the process mean have a sustained shift
in unknown time, the issue can be regarded as hypotheses test that
i.i.d.

H0 : Y1 , · · · , Yn ∼ N (µ, σ 2 ),
i.i.d.

H1 : Y1 , · · · , Yτ ∼ N (µ, σ 2 ),

i.i.d.

Yτ +1 , · · · , Yn ∼ N (µ + δ, σ 2 ).

For such a test, we define a test statistic that
T =

2
1 P
Maxi ,
σ i=0

(3.3)

where
Max0 = |θ0,0 |,

Max1 = max(|θ1,0 |, |θ1,1 |),

Max2 = max(|θ2,0 |, |θ2,1 |, |θ2,3 |, |θ2,4 |).
It is that we just choose the wavelets coefficients, whose absolute value is largest, in
the last three levels j = 0, 1, 2 respectively and then use them to design a test statistic.
Other more finer levels are not adopted just because that even when some shifts have
been occurred, these levels may still have the chance that they do not contain any out
of control information for such shifts. The conclusion comes from the facts that with the
use of Haar wavelets basis, under the alternatives H1 , if the change-point is located in the
position that τ = k2J−b + 1, where 1 ≤ k < 2b , 1 ≤ b < J and b is a integer, it is easy
to valid that all wavelets coefficients have zero mean for j ≥ b and for j < b there is one
and only one wavelets coefficient that has a non-zero mean. For example, if n = 25 = 32,
when the change-point occur at the 17th sample, we just have one non-zero mean wavelets
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coefficient which belonged to the coarsest level, j = 0. Otherwise, if τ = k2J−b , where
1 ≤ k < 2b , 1 ≤ b < J and b is a integer, then for all levels there is unique wavelets
coefficient which has a non-zero mean. The other reasons are that there exist too much
noise fluctuations in the finer levels, and appropriate application of the Central Limit
Theorem also need to take the coarser levels into consideration. To the question that
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why just choose last 3 levels but not last 4 levels or others, we think this just a trade-off
scheme for different sample size n. Some simulation study not included in this paper by
us confirms the proposed methods by the average performances.
While designing an efficient monitoring scheme, as we known, the depth of wavelets
decomposition is an important element. In contrast to our complete decomposition by
which we mean that we will continue the decompose process until the coarsest level is
obtained, Rajesh Ganesan et al. (2004) gave the recommendation by empirical evidence
that the depth of decomposition should be half the maximum possible depth. But we
think that the particular application of interest will dictate what is most important. For
example, in our scheme, if sample size is n = 25 and change-point is localized in 17th
sample, we can not obtain any out-of-control information without the coarsest level taken
into consideration.
To obtain the control limits for proposed control chart with specific false alarm probability (FAP), say α, if the standard deviation σ is known, we just need to obtain the
distribution of the test statistic T and it is not a very difficult task just because the distributions of Maxi , i = 0, 1, 2 are easy to deduce. As we known, the cumulative distribution
function and probability density function of a standard normal variable’s absolute value
are
F (x) = 2Φ(x) − 1,
r
2
2
f (x) =
exp−x /2 I(x≥0) ,
π
respectively, where Φ(x) is the cumulative distribution function of standard normal and
IA (·) is the indicator function of set A. Given a desired α, the control limit hα can be
obtained by solving the following equation
Z hα Z z Z y
8f (x)f (y − x)f (z − y)[F (x)]3 F (y − x)dxdydz = 1 − α.
0

0

(3.4)

0

Since the inverse of Equation (3.4) with respect to hα is hard to evaluate, the dichotomy
method is used to search for the values of hα . Moreover, the integral in Equation (3.4)
is calculated through the Gaussian quadrature. For some given α, a Fortran program is
available from the authors which can find the control limits hα for the chart. Some control
limits hα given in Table 1 for some specific α.
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Table 1 The control limits of the DWT chart
α
hα

0.0025 0.005 0.0075

0.01

6.741

6.088 5.728 5.505 5.339 5.205

6.426

6.230

0.02

0.03

0.04

0.05
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In practical applications, the standard deviation σ usually is unknown. Donoho and
Johnstone (1995) proposed an estimator for σ that is based only on the empirical wavelet
coefficients at the top level. The reason for doing so is the most of noises are included in
the top level. The proposed estimator is the median of absolute deviation (MAD):
σ
bMAD =

median{|θJ−1,l − median{θJ−1,l , l = 0, 1, · · · , 2J−1 }|}
.
0.6745

(3.5)

However, when the sample size is not enough large, its performance is not good, especially
when the normality assumption is unsatisfied.
As we know, the larger wavelets coefficients may include two respects of information,
one is from the shifts in the process mean, the other is from the the process variance, but
the smaller ones may be only affected by the process variance. So, this paper suggests to
estimate the standard deviation σ by the most of smaller wavelets coefficients in all levels,
which is given by
j

−1
P 2P
1 J−1
b 2 I[−3bσ
σ
b=
(θj,k − θ)
σMAD ] (θj,k ),
MAD ,3b
m − 1 j=0 k=0

(3.6)

where m is the number of elements in set {(j, k) : θj,k ∈ [−3b
σMAD , 3b
σMAD ], k = 0, 1, · · · , 2j ,
P
j = 1, 2, · · · , J}, θb = (1/m) · θj,k I[−3bσ
,3b
σ
] (θj,k ).
MAD

MAD

Some simulation results of σ
bMAD and σ
b are shown in Table 2 (20000 times’ simulation).
Table 2 The values of σ
bMAD and σ
b
n

σ
bMAD

σ
b

16

0.884(0.365)

0.974(0.184)

0.890(0.371)

1.007(0.230)

0.940(0.277)

0.981(0.130)

0.945(0.279)

0.982(0.132)

0.974(0.200)

0.984(0.089)

0.974(0.202)

0.983(0.089)

0.987(0.145)

0.987(0.063)

0.986(0.150)

0.985(0.063)

1

1

32
64
128
σ
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The results in the first and second row are, respectively, evaluated with the in-control
data and the out-of-control data, the mean in the second half of data has shifted to 2
times standard deviation, in other words we in fact give a kind of method to estimate
the standard deviation when the assignable causes have been occurred. The values in the
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parenthesis are the standard errors. Table 2 shows that the estimation σ
b in (3.6) is closer
to the true value than the estimator σ
bMAD in (3.5), especially, when the sample size n is
smaller than 32.
Although just designed to aim for the situation where has one sustained shift in the
process mean, the proposed scheme still do a very good work for the others out of control
setting, specially the multiple shift setting, or in other words, the testing scheme are robust
to the different alternative.

§4.

An Illustrative Example

An illustrative example is given in Table 3 in this section. There are total n = 25
observations, which are normally distributed with mean µ and variance 2. Note that the
mean µ has been shifted from 2 to 4 after observation 16. The original data and the NonZero coefficients of five levels of DWT are given in Table 3. In this example, we choose
FAP α = 0.05, so from Table 1, we obtain the control limit h0.05 = 5.205.
Table 3 The Non-Zero coefficients of DWT (n = 32)
i
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

Xi
2.9
3.52
1.99
3.1
4.1
-0.7
0.01
2.52
2.09
2.5
2.53
2.25
2.8
3.25
1.51
2.78

X16+i
7.27
5.43
3.82
3.38
5.24
2.087
4.37
3.05
2.39
2.54
3.35
6.21
4.42
3.8
3.49
5.22

θ4,i−1
-0.43
-0.78
3.45
-1.77
-0.29
0.2
-0.32
-0.9
1.3
0.32
2.24
0.93
-0.1
-2.02
0.44
-1.22

θ3,i−1
0.66
0.4
-0.1
0.88
2.75
-0.05
-2.31
-0.25

θ2,i−1
2
-0.34
1.83
-0.87

θ1,i−1
-0.59
0.8

θ0,i−1
-5.12

《应用概率统计》版权所有

第三期

周纯光 邹长亮 王兆军: 基于小波的预分析稳健控制图

283

Figure 1 The observations of the Example
The standard deviation is estimated to be 1.34 with equation (3.6). Since the value of
T = (5.12 + 0.8 + 2)/1.34 = 5.910 is larger than the control limit h0.05 , the DWT control
chart gives a alarm.

§5.

Performance Comparisons

As Sullivan and Woodall (1996) pointed out, the average run length (ARL) can not
be used as the criterion of performance in the preliminary analysis. Therefore, similar to
Sullivan and Woodall (1996), the false alarm probability (FAP) and the true signal probability (TSP) are used to compare the performance of control charts for the preliminary
analysis. A control chart is said to be better than other one if its TSP is larger than the
other’s, and they have the same FAP.
As Sullivan and Woodall (1996) said the recommended sample size for preliminary
analysis is at least 30, so, we suppose there are n = 32 historical data to be used for
the preliminary analysis. For this sample size, a FAP of 0.05 seems suitable. For the
LRT control chart with n = 25 = 32, the UCL corresponding to the FAP of 0.05 is 5.6,
which is obtained by simulation (all of the results in this paper is evaluated by 20,000
simulations, although some certain analytical results regarding the performance of the
proposed control chart can be obtained, particularly when the mean shift is simple such
as one step changes). As we known, the position of shift affects the performance of the
charts. Sullivan and Woodall (1996) compared the performance of charts assuming the
step shift occur after 5, 15, or 25 of 30 observations. In general, we do not know where the
shift should be occurred. If it’s reasonable to assume the position of shift is distributed
as F (k), k = 1, 2, · · · , n − 1, the average TSP (ATSP)
ATSP =

n−1
P
k=1

F (k)TSPk ,

(5.1)
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could be used to as the criterion for comparing the performance of control charts, where
TSPk denotes the TSP of control chart when the shift occurs after kth observation. In
this paper, we assume the position of shift is uniformly distributed and the two charts are
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compared under this criterion.

5.1

Normal Distribution Setting

In the normal distribution scenario, the in-control model is given by
xi = µ + εi ,

i.i.d.

εi ∼ N (0, σ 2 ), i = 1, 2, · · · , n.

(5.2)

Sustained shift is most commonly used to compare control chart, however, due to the
multiscale properties of many practical process data, some other kinds of shift should also
be considered in Phase I. The four following shifts are considered in this paper: one step
shift (sustained shift), two step shifts, trend shift and two trend shifts.
[M1] The one step shift of size δ1 at position t1 is defined as
xi = θI[1,t1 ] (i) + (θ + δ1 )I[t1 +1,n] (i) + εi .
[M2] The one trend shift of size δ1 at position t1 is defined as
³
xi = θI[1,t1 ] (i) + θ +

´
i
δ1 I[t1 +1,n] (i) + εi .
n − t1

[M3] The two step shifts δ1 and δ2 at positions t1 and t2 , respectively, is defined as
xi = θI[1,t1 ] (i) + (θ + δ1 )I[t1 +1,t2 ] (i) + (θ + δ2 )I[t2 +1,n] (i) + εi .
[M4] The two trend shifts δ1 and δ2 at positions t1 and t2 , respectively, is defined as
³

´
´
³
i
i
xi = θI[1,t1 ] (i) + θ +
δ1 I[t1 +1,t2 ] (i) + θ +
δ2 I[t2 +1,n] (i) + εi .
t2 − t1
n − t2
In this paper we consider the δ1 > 0 and δ2 < 0, the solid and dashed lines in Figures
2(a-d) are respectively corresponding to the ATSP’s of DWT and LRT control charts for
model [M1]-[M4]. For model [M3] and [M4], we choose δ1 = 1.0, δ2 ∈ [−2.5, 2.5] and t1 , t2
are randomly generated from the discrete uniform distribution U (1, 31).
• In terms of ATSP, our proposed DWT chart and LRT chart have comparable performance in detecting small or moderate shifts for [M1] and [M2].

第三期

周纯光 邹长亮 王兆军: 基于小波的预分析稳健控制图

285

• Our proposed DWT chart has a slight disadvantage in detecting the very large
shift compared with the LRT chart. This result can be explained by studying the
robustness of the variance estimator σ
b2 . In Boyles (1997), the author concluded
that σ
b2 dominates other robust estimator for the situations where there is no or
small shifts in the process mean, on the other hand for the large shift case, it is
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dramatically inferior than the others.
• DWT chart performs better than LRT chart in detecting two step/trend shifts in
the process mean. As Sullivan and Woodall (1996) mentioned the LRT chart can
be used to detect the multiple shifts in the process mean. This can be done with
LRT control chart by partitioning the data at the most likely location of a single
change then repeating the process on the two subgroup of observations. However, as
we know, the LRT chart is based on the likelihood ratio test of two samples. If the
process has multiple change-points, the assumption of the LRT chart is not valid, so
it’s advantage should be weaken.

Figure 2 The ATSP’s for shift models [M1]-[M4]
Although wavelets transform is just a linear transformation of the original signal, the
proposed chart gives a surprising performance. For other sample size, the performances
of DWT and LRT charts are roughly same as shown before.
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5.2

第二十四卷

Robustness of the DWT Chart

As we known, the performances of LRT charts rely on the normality assumption of
process distribution, although the LRT can also be used for other distributions if the
distribution of the process is known. However, sometimes, the distribution of process is
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not only skewed, but also heavy-tailed or light-tailed (see Langenberg and Iglewicz (1986),
Jacobs (1990), Woodall and Montgomery (1999)). For such a skewed or/and heavy or
light tailed populations, the FAP of control chart grows larger than the normal case. We
think that whether a preliminary chart can obtain a specific FAP or not is a essential
property. Therefore, the robustness study of the control charts for any kind of population
is necessary. In this paper, we just use LRT chart as an imperfect alternative for a
comparison when the process distribution is not normal (although the comparison may
not fair for the LRT chart).
Based on the principle of the discrete wavelets transform, we can thus appeal to an
appropriate version of the Central Limit Theorem to argue that the distribution of wavelet
coefficients {θj,k } converges to normal distribution as j decreases (as pointed out in Section
3). Since the {θj,k } are uncorrelated, we can regard the {θj,k } as independent variables.
Based on the above, the proposed scheme which assumes IID normal wavelet coefficients
still can work well.
In this section, the DWT control chart is compared with the LRT chart in detecting
one step shift when the process data are from Student-t and Gamma distributions.

Figure 3 The FAP’s and ATSP’s when data is from t(4) and Gamma(3,1)
The simulation results for n = 32 are summarized in Figure 3(a,b). In Figure 3(a),
the process distribution is Student-t with degree of freedom 4 and δ1 ∈ [0.5, 5], the FAP
of the DWT chart is 0.061, which is closer to the desired value 0.05 than 0.156, the FAP
of the LRT chart. Although the DWT chart’s FAP is significant smaller than the LRT’s,
the ATSP’s of the two charts are comparable. In Figure 3(b), the process distribution
is Gamma(3,1), δ1 ∈ [0.5, 5], the performance of DWT is similar in Figure 3(a). When
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the quality characteristic is from other skewed and heavy or light tailed distribution, the
similar results could be obtained. Then we can conclude that the DWT chart performs
more robust than the LRT chart for the non-normal distributions in term of the ability
to obtain the specific FAP. We think that it is a very important character for a control
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scheme to be robust to the normality assumption specially in the Phase I analysis.

§6.

Conclusions and Considerations

Basing on the discrete wavelet transformations, a new preliminary control chart was
introduced to detect the mean shift. The simulation results show that the proposed DWT
chart performs better than the LRT chart in detecting a variety of out-of-control patterns
in the process mean, and it’s more robust against the normality assumption.
A possible further study would be the optimal choice of the wavelets type for different
process data and different out-of-control types. Another is to deal with the problem that
the size of historical data n 6= 2J for any positive integer J. For this problem, some works
have been done, such as Ogden (1997b), but we think that the particular application
of interest will dictate what is most important. The third is to develop a chart based
on the DWT, which is used to detect shifts in the process deviation. Just because the
wavelets approximately decorrelate many stochastic process, an interesting problem is how
to generalize this method to the autocorrelated data.
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基于小波的预分析稳健控制图
周纯光

邹长亮

王兆军

(南开大学数学科学学院统计学系, 天津, 300071)
本文提出了一种基于小波的预分析控制图, 用于监测第一阶段过程控制中的均值飘移. 该方法的基本思
想是利用多个不同尺度下的一些相对较大的小波系数来探查过程中的异常变化. 这个控制图具有很好的稳健
性, 所以特别适用于像预分析过程中这样的对分布信息知之甚少的情形.
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非参数, 小波, 统计过程控制, 预分析.
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