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1. Introduction

In general, there are two broad categories in
statistical control charts, namely variable and
attribute control chart.

(1)Variable : 357 £ & S F 2 -2 S FF -
(2)Attribute * g & F 5 5 © EEAR
ER TSR o
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1. Introduction (Conti.)

24 G2 ElEB N
Multivariate control charts of the
Hotells 194 . .
otcling ] Shewhart type were first developed by him.
They have shown that a multivariate control scheme normally has better
Lowry and Montgomery 1995 o
sensit1vity than the one based on untvariate control charts.
Woodall and Ncube 1985
Healy 1987|Other multivariate control charts
Lucas and Crosier 1982 |are the multivariate CUSUM charts proposed.
Pienatiello and Runger 1990
Lucas and Saccucct 1990|the multivariate exponentially weighted moving average (MEWMA) charts
d.
Lowry et al. 1992 PIOPRSE
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1. Introduction (Conti.)

2% R HEDGE
Detecting shitt in fraction non conforming using run-length control
BourkeP. D, T JOITEFEY
chart with 100% inspection. i
Montgomery 2003 Introduction to Statistical Qualty Control, MUlAnuE
. — DIOCESSES
Yeatdl 00 Datg transformatyop for geometrically distributed
(uality characteristics.
pate 1.1 1073 He proposed a Hotelling-type X2 chart to monitor observations from
multivariate binomial or muttivariate Poisson distribution
. roposed a back propagation neural network (BPNN) for
Larpkiattaworn 2003p : o P

2011/1/11

two-attrioute process control in bivariate binomial and bivariate Poisson case.




1. Introduction (Conti.)

In this article, we propose a T2 control chart
based upon the Patel (1973)method to monitor
multi-attribute processes. At first, we propose a
data transformation technique and then we use
a T2 control chart.(f¢ H—1{E & Hﬁij@é’ﬁfj‘zﬁ -
= EHTYEHE- Pate (1973)><2 = Il [ £ 22 AT
2 T R SRR A BR )
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2. Existing Multi-Attribute Control Charts

2.1 Normal Approximation of Multivariate Binomial Distribution

Although Patel’'s method included both time-independent and
time-dependent samples, we focus on the time independent

case. (A SCHYRS AN 2 B E] M 1L Y ZE451))
= (X-X)S(X-X), ()

. a multivariate binomial random vector

: the sample mean vector,

: an estimator of the population covariance matrix

where T2 has an approximate chi-square distribution with p degrees of
freedom, The upper control limit of the control chart equals the upper
guantile of a chi-squared distribution with p degrees of freedom. The lower

control limit is equal to zero.( & %U'ﬁBE'EEJﬁE SEEEBEEP) T RE > T

EHIFIREFRO)
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2. Existing Multi-Attribute Control Charts
2.2 Multivariate NP-Chart (MNP chart)

M

UCL&LCL=nY d, /p;, £ 31?.."”! S dil —p) +2 Z{{.f,.{fjcrw-‘{l —p 1= ;:J.]}}
—

i=1

(2)
il
CL=n) d.Jp.

C, : the number of non conforming items of type IR &#&3E H i # &)

m : the number of process attributes

P, : the proportion non conforming of the ith quality
characteristic(&& R4 R &g L)

d; : the demerits of the severity of the non conformance in the ith
quality characteristic(f& R S8 HIHLEE)

p; &0j; * are unknown and being estimated from historical data

CRAL H I &R Y I )
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3. The Proposed Normalizing Transformation

usually data have binomial, Poisson, or
geometric distribution and the assumption of
approximate normality causes two problems.

(&R AEDbinomial, Poisson, geometric Z 7t R RE - AT {E HRE)

(1)The first and most important problem is the

fact that these distributions have skewness.
(BB AR R I A (RS E)
(2) The second problem arises from the

discrete nature of these distributions.
(S Lot BRI S D - T ey it A TR S D)

2011/1/11
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3. The Proposed Normalizing Transformation

There are two approaches to diminish skewness in
univariate attribute control charts:

(EWEDR IMRRERY 77 » FEZ Tt BE B R e )
(1) adding some correction values to the control
limits based on the value of skewness
(FERAEHVEE B E I SRS I — L E TE(H)
(2) applying normalizing transformation.
(& IR AR AR J502%)
% Most researchers prefer to use normalizing
transformation.
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3. The Proposed Normalizing Transformation

2011/1/11

2 R BT
Box and Cox 1964 |square root
Johnson and Kotz 1969 |inverse REZE
Ryan 1989 |arcsin RELE
Ryan and Schwertman | 1997  |parabolic inverse A
Quesenberry 1995 |Q-transformation
double square root
X1e et al. 2000 |transformation for Geometric
distribution
Niaki and Abbast 2007 |rth root transformation
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3. The Proposed Normalizing Transformation

In the skewness-reduction method, if we define f(r)
to be the amount of skewness on the ry, root
transformed attribute x, (i.e., X" ), we want to find r
such that f(r) becomes zero. Therefore, applying
the bisection method, we try to find a root for f(r) =

0 in the interval (0,1).(FH —43% , i B R, EA() 50 > A
}\J‘/\\\O"’lé/‘jgﬁaﬁ?‘i)

In order to explain the proposed rth root transformation
method, we present two numerical examples by
NORTA algorithm (Cario and Nelson, 1997) and
compare the results with the ones of the other

transformation. (szi s LA BUADITEIT - kT RS
r{EFRATERETE)
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3. The Proposed Normalizing Transformation

For a true normal distribution, the sample skewness should be near

zero and the sample kurtosis should be near three.

Table 1
A comparison of different transformation methods

The proposed

1 t'l:ln:‘:;-'.\I Method transformation X arcsinl X)) OQ-Transformauon**

Example 1

X, Skewness CL O 5 — 7429 [ .10 L3R4
Fourtosis 245496 46772 25538 289492
FP-value (JB test) =337 ] [l 13l

X, Skewness (L9 3 —i625T [.3510 i34
Kourtosis 20032 4.3563 . 0303 29456
FP-value (JB test) T ] ( 0.6724

Example 2

X, Skewness sl 5 — ). ZH63 0.7987T O &
Kourtosis 30213 3.25449 4.5368 FJURLS
FP-value (JB test) L5749 ] [l lvls

X, Skewness — g2 — 52493 | 4977 325
kurtosis 2 Uk e 4 NG 55T 2 a4149
FP-value (JB test) LWFs3 ] [l A465

**In Q-Transformation method each transformed variable (X ) is @1 F{x)). where Fix)
is cumulative probability distribution function {cdf) of X and 4 is the standard normal cdf.

2011/1/11 14



4. Multi-Attribute Control Chart Based
on Transformed Data in 72 chart

T2 control charts, due to its excellent performance in
multivariable quality control environments, may perform

well in multi-attribute processes in which we transform
their attributes to have multi-normal distribution.
(Bt EUEER R E RO > T2 EFEEL S EHRENFEIR)

To avoid the problems in Patel’'s method (1973),

(1) we eliminate the skewness of marginal distributions.
(FEFRZE IR T FCHY (R AS)

(2) estimate the covariance matrix of the transformed variables.

(et 5 iR S By e S S R )

(3) the control limits in multivariate control process.

(£ LB E H 2 B B EHRIR)
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5. Simulation Experiments

5.1.1 Simulation Experiment 1

simulation experiment with three attributes. based on available historical data,
sample size of 30, probability vector of 'p = (p, =0.1p,=0.15p; =0.18 ]

2.6 06 (48
5 _ [ 06 3.8 1 ] “To monitor all attributes simultaneously, first we generate
U481 457 5000 observations on MBiniomial [ (n; =30 n, =30

n, =30 ] ,p, "2 ] random vector. Then we find appropriate transformations
such that the marginal distributions are approximately normal. Based on the
proposed transformation method we have r1 = 0.76, r2 =0.76,r3 = 0.75,

094 019 0,154
floew = [2.26,337,3.48] and 3, = | 0.19 L1 u_:ﬁJ
.15 0.26 l.16

% &

and the upper control limit of T2 chart is X%, 9955 = 1283.
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5. Simulation Experiments

5.1.2 Simulation Experiment 1

Table 2
ARL, values for different shifts in simulation experiment |

Shift— (e, 0,0) (0, &, ) (0,0, o (a7, 5. () (7,00, ay) (0, 7, ) (), 7y, T3)
Proposed method 24.990 33265 [9.110 [5.904 10.747 [3.310 8.784
MNP method 6Y.926 81054 4,742 225130 24822 27.104 Y873
Shift— (20, 0,0y (0,2a,,0)  (0,0,235) (20,285, 0)  (2,,0,2ay)  (0,2¢),205) (25, 2d,, 20y)
Proposed method 5476 5.903 3743 1781 2112 2.320 [.929
MNP method 22.132 24574 29.194 49458 3044 5. 780 2184
Shift— (Go 0,00 (0, 30,0)  (0,0,30;) (3o, 30, 0) (3o, 0.3q)  (0,30,,30;) (30, 30y, 3ay)
Proposed method 2.283 2142 .673 .296 |.166 1.241 [.106
MNP method 0,360 10.89] [3.026 2007 |04 2145 [.204
Shift— (=g, 05, 0) (=g, e  (U,—-0y0) |(26,-20,,0) (20,,0,=25;5) (U, 20y, =205} |5}, 0, —210;)
Proposed method 13.247 0817 1612 1002 .379 1.215 503
MNP method 463.193 547,985 395.33¢ 449,893 306,384 430.089 320916

x The results of Table 2 show that the proposed method on the transformed data
performs better than MNP procedure in all scenarios. This fact is more obvious
In situations where there are both positive and negative shifts around the mean

2011/1/11 17



5. Simulation Experiments

5.2 Simulation Experiment 2
simulation experiment with three correlated attributes. sample size of 22
generated data sets, probability vector of ‘p = (p;=0.11p,=0.12 p,=0.16

Table 3
ARL, values for different shifts in simulation experiment 2

Shift— (7, 0, 0] (0, 7y, ) (0,0, ;) (). 7y, ) (7). 0, a,) (0, 7y, 73) (7, 72, T3)
Proposed method 34764 Sb.44% 32.220 |8.258 35438 15.599 16.574
MNP method 64.7150 77.3580 (. 200 21.3070 182190 21.1830 8.4030
Shift— (2a,.U.0) (0, 2a,. 1) (0,0, 2a,) (20, 2a,.0) (2a,.0, 2a,) (0. 2a,, 27,) (2a,.2d,, 10,)
Proposed method 6179 11.831 3.523 3.032 7.152 2277 2645
MNP method 19,5460 259220 21.4290 4.0440 3.8670 4.3720 |78
Shift— (e, U, 1) (U, 3a,, U) (0, U, 3ay) (3a, 3o, 0] (3o, 0, 3a;) (U, 3a,, 37q) (3o, 3o, 37,)
Proposed method 2.3410 40100 |.8430 1.3330 25160 11880 1.2760)
MNP method 7.9310 10.2320 10,099 1.7670 |.8420) 18510 [.1150
Shift— (—oy, 0., 0)  (—=o. 08,0 (0 —ay,0) |56, -0, 0" |(26,0,=20) (0, 20y, =25,) |(0, 5, —20,)
Proposed method 243518 6.243 28.213 2.001 I.186 2418 1.5510
MNP method 554.106 366,093 235146 169,011 [015.6 12138 907.371

*In this experiment if p, shifts —2&, then p, = —0.0186 (negative) therefore we shift p, to 1.5¢, (p, = 0.0141).
< The results of Table 3 show that the proposed method performs better than
MNP procedure in most of the mean-shift scenarios.

2011/1/11 18



6. Conclusion and Recommendations
for Future Research

Monitoring multi attribute processes, where there are
some correlations between attributes, is an important
Issue In statistical quality control. One of these methods
IS to approximatethe distribution of the correlated
attributes with multi normal distribution(with i.i.d)

(58 A AE T RESREY, T PP e e L R RE(iid-A8 B 080T)

In this article, we propose a new transformation technigue to

reduce the amount of skewness in the marginal first, and then
we use a multivariate control charting (T2 control Chart) on the

transformed data.

2011/1/11 19



6. Conclusion and Recommendations
for Future Research (conii)

Future research may consider processes with
multivariate Poisson distribution and instead of
T2 control chart examine other multivariate
control charts like Multivariate Cumulative Sum
(MCUSUM) and Multivariate Exponentially
Weighted Moving Average (MEWMA) control
charts.

2011/1/11 20
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The End
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