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Abstract: The Cumulative Conformance Count (CCC) chart has been used for
monitoring high yield processes with very low process fraction nonconforming.
Current work has yet to provide a systematic treatment for establishing the chart
particularly when the parameter is estimated. We extend the results from the recent
studies by Tang and Cheong [1], and Yang et al. [2] so that engineers are able to
construct the CCC chart under different sampling and estimation conditions. We first
outline the statistical properties of the CCC chart. We then give new insights on the
behaviours of CCC chart when the parameter is estimated. We propose some
procedures for constructing the CCC chart when the process fraction nonconforming
is given, when it is estimated sequentially, and when it is estimated with a fixed
sample size. The proposed steps are implemented using data from a high yield
process which, in some degree, demonstrate the effectiveness of the scheme.

Key Words: cumulative conformance count (CCC) chart, high yield processes,
process monitoring, parameter estimation

1.   Introduction

Attribute Shewhart charts (e.g. p chart) have proven their usefulness, but are ineffective
as the level of nonconformance improves to low parts per million (ppm) level (see Goh
and Xie [3]). This has led to developments of new methods of process monitoring, one of
which is the Cumulative Conformance Count (CCC) chart. CCC charts track the number
of conforming items produced between successive nonconforming ones. This type of
chart has been shown to be very useful in monitoring p, the process fraction
nonconforming, for high-quality processes. Most of the studies (see Glushkovsky [4], Xie
et. al. [5], Kuralmani et al. [6], and Goh and Xie [3], and the references cited) regarding
CCC charts assume that p is known. However, in practice, p is not likely to be known
before implementing the chart and will need to be estimated. Though Yang et al. [2] and
Tang and Cheong [1] examine the effects of parameter estimation on the CCC chart, a
systematic framework for establishing the CCC chart under different ways of estimating p
has not been presented. For example, to implement the CCC chart using Tang and
Cheong’s scheme [1], one must know when to stop updating the estimate of p so that the
control limits are not affected by data from drifted processes. If Yang et al.’s scheme [2]
is used; the initial sample size must be specified.
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In the following, the statistical properties of CCC charts and some preliminaries
results on the effects of parameter estimation are revisited. This is followed by guidelines
for establishing CCC charts for schemes proposed by both Tang and Cheong [1] and
Yang et al. [2]. Numerical examples for designing CCC charts are given for both cases
when process fraction nonconforming, p, is given or unknown to illustrate the
applicability of the proposed guidelines.

2.   Basic Properties of CCC Chart

The CCC chart tracks the number of conforming items produced before a nonconforming
one is produced. As a result, the probability of the nth item being the first nonconforming
item to be discovered is given by

    1
1

n
P X n p p


      where n = 1,2,… (1)

which is a geometric distribution with parameter p. Tacitly, it is envisaged that
inspections are carried out sequentially and the above random variables are independently
and identically distributed (iid).

In CCC charts, the control limits are determined based on the probability limits
from the geometric model shown in Equation (1). For a given probability of type I error,
, the two-sided control limits are given by,
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where p0 is the in-control fraction nonconforming (see Tang and Cheong [1]). The
resulting average run length (ARL) from the above limits, initially increases when the
process starts to deteriorate (p increases) and decreases after attaining a maximum point

at 0p p . This is a common problem for data having a skewed distribution (see Xie et

al.[7] ), it renders the CCC chart rather insensitive in detecting increase in p and may lead
to the misinterpretation that the process is well in control, or has been improved.

To overcome the problem mentioned above, Xie et al. [7] showed that, for a given
p0 and the initial type I error rate , adjustment factor, , given by
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can be applied on the control limits; i.e.,
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so that the ARL is maximized at 0p p , which is the in-control ARL, ARL0. It should

be noted that the above control limits do not have a direct probability interpretation; i.e.,
they do not always give the same probability content within the control limits. Notably,
even though the control limits are shifted by the a factor of , the type I risk of the chart
is no longer given by the initial value . Moreover, the false alarm probabilities beyond
both sides of the control limits are no longer the same. The adjusted control limits with
equal probabilities are considered by Zhang et al. [8]. However, their proposed procedure
involves several iterations and only considers known p.

The actual type I risk 0 can be recomputed by summing up the tail probabilities

 u P X UCL


   and  l P X LCL


   where X is the number of conforming

items between two adjacent nonconforming items. From Equations (5) and (6),

 
 
   

 
 0 0

ln / 2 ln 1 / 2

ln 1 ln 1
0 01  and 1 1 ,p p

u lp p
    

 


     

which can be expressed as

   / 2  and 1 1 / 2lu
  

       (7)

respectively. It follows that

   0 / 2 1 / 2 1.lu
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As a result, 0 is a non-linear function of  and despite apparent relation between  and p0

in Equations (5) and (6), they are in fact independent of each other.

3.   CCC Scheme with Estimated Parameter

In most circumstances, p0 is not likely to be known and needs to be estimated. Tang and
Cheong [1] presented a sequential estimation scheme while Yang et al. [2] considered
using the conventional binomial estimator of p for the CCC scheme.

3.1.  Sequential Estimation Scheme

Tang and Cheong [1] use the unbiased estimator of p given by Haldane [9]
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where the number of nonconforming items to be observed, m, is fixed a priori and the
total number of samples to be inspected, Nm, is a random variable.
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In the scheme proposed by Tang and Cheong [1], p  is updated sequentially and the

control limits are revised so that not only ARL0 of the chart can be kept to the desired
value, but it is also the peak of the ARL curve. This can be done by making use of the
same adjustment given in Equations (5) and (6). The control limits are
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where m can be obtained by solving
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with p  given by Equation (8) and
m

  given by Equation (3).

Using similar steps proceeding Equation (7), m is shown to be independent of p .

Tang and Cheong [1] presented that, as m increases, the sensitivity of the chart improves
and approaches that with known process parameter. Here, the index , reflecting the shift

in p is used; i.e.,
0
.p p  When 1  , the process is in statistical control; if 1  , the

process is deteriorating, and 1   indicates process improvement.

To obtain the ARL curves for different m using the proposed scheme, Equation (12)
can be re-written as
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where ARLm is the ARL with p  estimated after observing m non-conforming items.

Figure 1 depicts the ARL curves of the CCC scheme under sequential estimation, using
m = 5, 10, 30 and 50, for ARL0 = 370 and p0 = 500ppm.
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Fig. 1: ARL under Sequential Estimation with m = 5, 10, 30 and 50, given ARL0 = 370
and p0 = 500ppm.

3.2.   Conventional Estimation Scheme

On the other hand, Yang et al. [2] considered using the conventional estimator,

ˆ n
D

p
n

 (14)

where n is the initial sample size that is fixed a priori and Dn is the number of
nonconforming items among n items sampled.

Yang et al. [2] investigated the sample size effect and presented the exact false alarm
probability equation when p0 is estimated using the conventional estimator. By using the
exact false alarm probability equation given by Yang et al. [2], a similar adjustment
scheme proposed by Tang and Cheong [1] can be applied so that the ARL0 is the
maximum point of the ARL curve. Thus, the equation becomes
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and the control limits become
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where n could be obtained from solving Equation (15), with p̂ given in Equation (14),

and
n

 from Equation (4), after specifying the desired ARL0.

Fig. 2: ARL for known p (500ppm), n = 10000, 20000, 50000, and 100000, using
Conventional Estimator with ARL0 set at 370 and ˆ 0.0005p  .

From the study of Yang et al. [2], the larger the sample size used in estimating p0, the
closer the chart performs to the one with known parameter. Thus, it is expected that the
performance of the scheme proposed here approaches the one with known p0, as the
sample size used to estimate p0 increases. For illustration, Figure 2 shows the ARL curves
for known p0, n = 10000, 20000, 50000, and 100000, using the proposed conventional
estimator scheme, with ARL0 set at 370 and ˆ 0.0005p  .

4.   Constructing CCC Chart

When monitoring a process with given p0, the control limits can easily be computed from
Equations (5) and (6).

The ARL0 is the average run length of the CCC chart while the process is in
statistical control, which is the reciprocal of 0, and it is independent of p0. After
specifying the preferred ARL0, the parameter  can be obtained by solving
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where  is a function of  given by Equation (4). The corresponding control limits can
then be computed. Table 1 gives the values of   and the respective  with different ARL0,
which can be substituted into Equations (5) and (6) to determine the control limits.
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Table 1: The values of  and respective adjustment factor , with different ARL0.

ARL0  

200 0.00675 1.30603

370 0.00373 1.29269

500 0.00278 1.28654

750 0.00188 1.27863

1000 0.00142 1.27328

4.1.   Establishing CCC Chart with Sequential Estimator

In an industrial setting where inspections are carried out sequentially, parameter
estimation as well as process monitoring can be started once there are two nonconforming
items observed (m = 2). Control limits can be calculated from Equations (10) and (11)

with m based on the required ARL0 from Equation (12). The adjustment factor,
m

  can

be obtained from Equation (4).

Table 2 gives the values of m and the respective adjustment factor
m

 , for different

values of m ranging from 2 to 100 and ARL0 = 200, 370, 500, 750, 1000. The last row of
the table (m = ) is the value when p0 is given, which is  from Table 1. Similarly, Tang
and Cheong [1] noted that when p is estimated sequentially, it has no effect on m, and m

converges to that of the known value chart as m increases.

To start using the CCC chart without undue delay, it was recommended by Tang and
Cheong [1] that p0 be estimated using m = 2 and be sequentially updated as long as the
process is deemed to be in-control. Two associated problems are that the ARL
performance in detecting process shift is poor for small m, and that excessive updating
increases the risk of including data from drifted processes. To mitigate these problems,
we propose a two-prong approach. First, a target ARL performance for a given change in
p is specified, so that the updating is terminated at a particular m; and more stringent
criteria are used to decide whether updating should be suspended.

4.1.1.   Termination of Sequential Updating

For a given change in p, which can be indexed by
0

/p p  , define Rs as the ratio

between a desired ARL, ARLm, and the ARL with known parameter ARL. In other words,

m
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Table 2: The Values of m and  for Different m and preferred ARL0 for CCC Scheme
with Sequential Sampling Plan.

ARL 200 370 500 750 1000

m m
m

 m
m

 m
m

 m
m

 m
m



2 0.00363 1.2921 0.00196 1.2795 0.00145 1.2737 0.00097 1.2663 0.00073 1.2613

3 0.00424 1.2955 0.00229 1.2826 0.00169 1.2767 0.00113 1.2691 0.00085 1.2640

4 0.00459 1.2972 0.00248 1.2842 0.00183 1.2782 0.00122 1.2705 0.00092 1.2654

5 0.00483 1.2984 0.00261 1.2852 0.00193 1.2792 0.00129 1.2715 0.00097 1.2663

6 0.00501 1.2992 0.00271 1.2860 0.00201 1.2800 0.00134 1.2722 0.00100 1.2669

7 0.00516 1.2998 0.00279 1.2866 0.00207 1.2805 0.00138 1.2728 0.00103 1.2675

8 0.00528 1.3004 0.00286 1.2871 0.00212 1.2810 0.00141 1.2732 0.00106 1.2679

9 0.00538 1.3008 0.00292 1.2875 0.00216 1.2814 0.00144 1.2736 0.00108 1.2683

10 0.00547 1.3012 0.00297 1.2879 0.00220 1.2818 0.00147 1.2739 0.00110 1.2686

20 0.00595 1.3031 0.00325 1.2897 0.00241 1.2836 0.00161 1.2757 0.00121 1.2704

30 0.00617 1.3039 0.00337 1.2906 0.00251 1.2844 0.00168 1.2765 0.00127 1.2712

50 0.00638 1.3047 0.00349 1.2913 0.00260 1.2852 0.00175 1.2773 0.00132 1.2719

70 0.00647 1.3050 0.00355 1.2917 0.00265 1.2855 0.00178 1.2776 0.00134 1.2723

100 0.00655 1.3053 0.00360 1.2920 0.00269 1.2858 0.00181 1.2779 0.00136 1.2725

 0.00675 1.3060 0.00373 1.2927 0.00278 1.2865 0.00188 1.2786 0.00142 1.2733

where the values of ARLm can be calculated from Equation (13) with respective values of
 and m, and ARL is the out-of-control ARL with respect to  for a given p0, given by
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(20)

The choice of Rs reflects the user's desirability of having a CCC chart that performs
close to the ideal case. When the ratio Rs  1, the performance of the scheme is
comparable with that of a known parameter CCC chart.

For a given  and ARL0, Table 3 gives the corresponding m required, m*, in
achieving the desired Rs. For example, if the user would like to establish a CCC chart
with ARL0 set at 200, and the required ARL performance at   2 is given by Rs = 1.150,
then, from Table 3, one should keep updating the estimate of p and the control limits up
to m = 19, as long as the following suspension rule is not violated.

4.1.2.   Suspension of Sequential Update

The updating must be done judiciously to avoid using the contaminated data from drifted
processes which will affect the sensitivity of the control scheme. To mitigate this problem,
a more stringent criterion than the usual out-of-control rule is imposed for the suspension
of sequential estimation.
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Table 3: The Values of m* for Different  and ARL0 = 200, 370, 500, 750, and 1000.

ARL0 = 200
ARLm/ARL      

1.100 50 105 29 25 27 29
1.125 48 84 21 18 23 23
1.150 40 71 17 14 19 19
1.175 30 61 14 6 16 16
1.200 27 61 10 2 13 14
1.225 24 49 9 2 10 11
1.250 22 44 7 2 8 9

ARL0 = 370
1.100 55 126 40 29 35 35
1.125 45 104 28 20 26 27
1.150 39 87 22 17 20 20
1.175 33 75 18 10 17 18
1.200 30 66 16 2 15 16
1.225 27 60 14 2 12 13
1.250 25 54 10 2 10 11

ARL0 = 500
1.100 58 130 43 30 34 36
1.125 48 110 31 23 27 27
1.150 40 93 25 18 21 22
1.175 35 81 20 14 18 19
1.200 31 72 17 7 16 16
1.225 28 64 15 6 13 14
1.250 26 59 13 6 10 12

ARL0 = 750
1.100 63 141 49 35 37 13
1.125 51 123 40 27 30 15
1.150 44 106 30 20 24 17
1.175 38 92 25 17 19 20
1.200 34 81 21 10 17 24
1.225 33 73 18 7 14 30
1.250 28 66 16 7 12 40

ARL0 = 1000
1.100 66 145 55 36 39 40
1.125 54 131 44 26 30 30
1.150 46 115 32 21 25 25
1.175 40 99 28 17 20 21
1.200 36 88 23 14 18 18
1.225 32 78 20 8 15 16
1.250 30 71 18 8 14 14

Two decision lines correspond to the 5th and 95th percentile points are used to
create a warning zone. Figure 3 shows the warning zones of the CCC chart (the un-
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shaded areas in the chart). The center line of the graph is the 50th percentile of the
cumulative distribution function (CDF) and is given by

   
ln 0.5 0.693

1 1
ln 1 ln 1
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p p

    
 

(21)

and the two decision lines are  given by
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The updating is suspended after observing any one of the following:
i. One point beyond the shaded area which will occur with probability 0.05.

ii. Four consecutive points plot on one side of center line (CL) which will occur with
probability 0.0625.

UCL

LCL

UDL

LDL

CL

Warning zone

Warning zone

4 consecutive
points on one side
of the center line

(CL)

1 point within the
warning zone

Fig. 3: Warning Zones of the CCC chart.

These simple rules provide adequate protection against using contaminated data for
updating. Following the suspension, process monitoring should be continued without
revising the control limits. A new sequential estimate of p is then initiated until the same
value of m before suspension occurs. If there is no significant difference between the two
estimates, all data can then be combined to give the estimate of p and updating is
continued until m = m* provided that the process remains in-control. If another suspension
criterion is observed during this period, the same decision process is repeated.

4.2.   Establishing CCC Chart with Conventional Estimator

When the conventional estimator of p is used, the control limits of the CCC chart can be
obtained from Equations (16) and (17) after estimating p0 from the initial sample.
Similarly, to achieve the desired ARL0, n and n can be obtained from Equations (15) and
(4) respectively, given the sample size n and p̂ .
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Table 4: The Values of n for Different n and p̂  with ARL0 = 370 for CCC Scheme using

Binomial Sampling Plan.

p̂

n 0.0001 0.0002 0.0003 0.0004 0.0005 0.0006 0.0007 0.0008 0.0009 0.001
10000 0.00148 0.00192 0.00222 0.00242 0.00257 0.00268 0.00277 0.00284 0.00291 0.00296

20000 0.00192 0.00242 0.00268 0.00284 0.00296 0.00305 0.00311 0.00317 0.00321 0.00325

50000 0.00257 0.00296 0.00314 0.00325 0.00333 0.00338 0.00342 0.00345 0.00348 0.00350

100000 0.00296 0.00325 0.00338 0.00345 0.00350 0.00353 0.00356 0.00358 0.00359 0.00360

200000 0.00325 0.00345 0.00353 0.00358 0.00360 0.00362 0.00364 0.00364 0.00366 0.00366

300000 0.00338 0.00353 0.00359 0.00362 0.00364 0.00366 0.00367 0.00367 0.00368 0.00368

400000 0.00345 0.00358 0.00362 0.00365 0.00366 0.00367 0.00368 0.00369 0.00369 0.00369

500000 0.00350 0.00360 0.00364 0.00366 0.00367 0.00368 0.00369 0.00369 0.00370 0.00370

600000 0.00353 0.00362 0.00366 0.00367 0.00368 0.00369 0.00369 0.00370 0.00370 0.00370

700000 0.00356 0.00364 0.00367 0.00368 0.00369 0.00369 0.00370 0.00370 0.00370 0.00371

800000 0.00358 0.00365 0.00367 0.00369 0.00369 0.00370 0.00370 0.00370 0.00371 0.00371

900000 0.00359 0.00366 0.00368 0.00369 0.00370 0.00370 0.00370 0.00371 0.00371 0.00371

1000000 0.00360 0.00366 0.00368 0.00369 0.00370 0.00370 0.00371 0.00371 0.00371 0.00371

2000000 0.00366 0.00369 0.00369 0.00371 0.00371 0.00371 0.00372 0.00372 0.00372 0.00372

 0.00373 0.00373 0.00373 0.00373 0.00373 0.00373 0.00373 0.00373 0.00373 0.00373

To facilitate the construction of the CCC chart, Table 4 gives the values of n for
different n and p̂ ranging from 0.0001 to 0.001, with ARL0 = 370, when p0 is estimated

using the conventional estimator. The last row of the table (n = ) is the value where p0 is
given, which is  from Table 1. As expected, the value of n approaches  as the sample
size increases. The values given in this table can be used as the input for constructing the
CCC chart if the desired ARL0 is 370. Unlike Tables 1 and 2, these n values are
dependent on p̂ .

It also worth noting that in adopting the conventional estimation there can be no
nonconforming items in the initial sample. This will lead to a situation where sample size
is increased incrementally until some arbitrary numbers of nonconforming items are
observed. In doing so, the resulting estimate of p0 will be biased. A simple way of
avoiding this problem is to ensure that the probability of having at least one
nonconforming item is sufficiently large in the initial sample. For example, the sample
size for a preliminary guess value of p0 = 100 ppm and a 90% chance of observing at least
one non-conforming item:

 
 0

ln 0.1
23, 000

ln 1
n

p
 



Nevertheless, Yang et al. [2] concluded that the sample size used for estimation
should be large enough for better performance of the chart which is evident from Figure 2.
An updating scheme similar to that of the sequential estimate can be adopted.
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Define the ratio of the ARL, Rc as

n
c

ARL
R

ARL

 (22)

where ARLn is the ARL in detecting process shift by a factor of , when a total sample of
size n is used for estimating p, and the ARL is the ARL with known parameter.

Once ARL0 is specified, for a given p̂ (from initial estimate) and a process shift of

interest indexed by , the minimum sample size needed, n* to achieve a certain Rc

requirement can be determined. Table 5 gives the values of Rc for different  and n, with
ARL0 = 370 for p̂ = 0.0005. For example, given the estimated value p̂ = 0.0005, for

ARL0 specified at 370, and assuming that the required ARL performance at 0.25   is
given by Rc = 1.150, the updating of estimate as well as the control limits is continued
until the total number of sample inspected equals to n*, which is 100,000 for this case,
provided that the process remains in control.

Table 5: The Values of Rc for Different , and n, with ARL0 = 370 for p̂ = 0.0005.

n      
10000 5.446 3.021 1.198 1.319 1.433 1.455
20000 2.529 2.323 1.156 1.217 1.260 1.264
50000 1.293 1.584 1.098 1.112 1.122 1.122

100000 1.118 1.279 1.064 1.063 1.067 1.067
1000000 1.011 1.025 1.010 1.008 1.008 1.008

5.   Numerical Examples

Here, the examples based on data in Table 6 taken from Table I in Xie et. al. [5] are
presented. From the table, the first 20 data points are simulated from p = 500 ppm, after
which the data is from p = 50 ppm.

Assuming that p0 is given, the control limits of the chart can then be calculated
directly, using  =0.00675 and  =1.30603 (from Table 1). Figure 5 is the CCC chart
plotted, given p0 = 500 ppm. From the chart, it is observed that the chart signals at the
23rd observation, indicating the decrease in the process fraction nonconforming, p.

On the other hand, when p0 is not given, by using the proposed scheme with
sequential estimation, the estimation starts after m reaches 2 and the control limits can be

obtained accordingly, with the values of m and
m

  given in Table 2. With ARL0

specified at 200 (i.e., 0 = 0.005), 2.5  , and R = 1.1250, m* is 23 (from Table 3).
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Table 6: A Set of Data for a Simulated Process (from Table I, Xie et. al. [5]).

Nonconforming
No.

CCC Simulation legend
Nonconforming

No.
CCC Simulation legend

1 3706 p = 500 ppm 16 753 p =500 ppm
2 9179 p = 500 ppm 17 3345 p =500 ppm
3 78 p = 500 ppm 18 217 p =500 ppm
4 1442 p = 500 ppm 19 3008 p =500 ppm
5 409 p = 500 ppm 20 3270 p =500 ppm
6 3812 p = 500 ppm 21 5074 Shift, p = 50 ppm
7 7302 p = 500 ppm 22 3910 p = 50 ppm
8 726 p = 500 ppm 23 23310 p = 50 ppm
9 2971 p = 500 ppm 24 11690 p = 50 ppm

10 42 p = 500 ppm 25 19807 p = 50 ppm
11 3134 p = 500 ppm 26 14703 p = 50 ppm
12 1583 p = 500 ppm 27 4084 p = 50 ppm
13 3917 p = 500 ppm 28 826 p = 50 ppm
14 3496 p = 500 ppm 29 9484 p = 50 ppm
15 2424 p = 500 ppm 30 66782 p = 50 ppm

Fig. 4: CCC Chart when p0 is known (= 500 ppm) and In-control ARL = 200.

Table 7 shows the estimated p together with the control limits for sequential estimation.
The CCC scheme is depicted in Figure 6 where the two dashed lines are the decision lines.
From the chart, estimation is suspended at the third point as it is in the warning zone
(beyond LDL). However, since there is no significant difference between the new
sequential estimate from the subsequent data with m = 3 (104 ppm) and the estimate
before suspension (154 ppm), all data are combined. Estimation is suspended again at
No.10 and for similar reason; the estimation is resumed at No.20. At No.22, as there are
four consecutive points plotted above the center line, estimation is suspended again.



Loon-Ching Tang and Wee-Tat Cheong18

Table 7: The Values of p and the Control Limits with Sequential Estimator from Table 6.

No. CCC p LCL UCL No. CCC p LCL UCL

1 3706 - - - 16 753 303 ppm 12 23023
2 9179 78 ppm 31 105092 17 3345 303 ppm 12 23189
3 78 154 ppm 19 51689 18 217 303 ppm 12 21923
4 1442 154 ppm 19 51689 19 3008 303 ppm 12 21988
5 409 154 ppm 19 51689 20 3270 347 ppm 11 21864
6 3812 268 ppm 12 29410 21 5074 334 ppm 12 22693
7 7302 231 ppm 15 33847 22 3910 329 ppm 13 23024
8 726 263 ppm 13 29651 23 23310 329 ppm 13 23024
9 2971 270 ppm 13 28709 24 11690 329 ppm 13 23024

10 42 303 ppm 12 25462 25 19807 329 ppm 13 23024
11 3134 303 ppm 12 25462 26 14703 329 ppm 13 23024
12 1583 303 ppm 12 25462 27 4084 329 ppm 13 23024
13 3917 303 ppm 12 25462 28 826 329 ppm 13 23024
14 3496 303 ppm 12 25462 29 9484 329 ppm 13 23024
15 2424 303 ppm 12 25462 30 66782 329 ppm 13 22897

The 23rd observation is plotted above the UCL, indicating possible process improvement.
Thus, by using the proposed sequential estimation scheme with the guidelines given, the
CCC chart with estimated parameter is as effective as that constructed assuming known p
in detecting a change in p.

Fig. 5: CCC Chart under Sequential Estimation Scheme Simulated from Initial p0 = 500
ppm and ARL0 = 200.
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Table 8: The Values of p̂ and the Control Limits with Conventional Estimator from Table 6

No. CCC p̂ LCL UCL No. CCC p̂ LCL UCL

1 3706 - ppm 12 25965 16 753 300 ppm 12 25965
2 9179 - ppm 12 25965 17 3345 300 ppm 12 25965
3 78 - ppm 12 25965 18 217 360 ppm 12 21081
4 1442 - ppm 12 25965 19 3008 360 ppm 12 21081
5 409 - ppm 12 25965 20 3270 360 ppm 12 21081
6 3812 300 ppm 12 25965 21 5074 360 ppm 12 21081
7 7302 300 ppm 12 25965 22 3910 360 ppm 12 21081
8 726 300 ppm 12 25965 23 23310 360 ppm 12 21081
9 2971 300 ppm 12 25965 24 11690 360 ppm 12 21081
10 42 300 ppm 12 25965 25 19807 360 ppm 12 21081
11 3134 300 ppm 12 25965 26 14703 360 ppm 12 21081
12 1583 300 ppm 12 25965 27 4084 360 ppm 12 21081
13 3917 300 ppm 12 25965 28 826 360 ppm 12 21081
14 3496 300 ppm 12 25965 29 9484 360 ppm 12 21081
15 2424 300 ppm 12 25965 30 66782 360 ppm 12 21081

Fig. 6: CCC Chart with Conventional Estimation Scheme Simulated from p0 = 500ppm,
and In-control ARL = 200.

If conventional estimate is used, p̂  is 300 ppm, for an initial sample size,

n = 20,000. With ARL0 specified at 200, 2.5  , and Rc = 1.170, n* = 50,000 (obtained
by using Equations (15) and (22)). Table 8 gives the values of the estimates together with
the control limits. The estimate is updated once when the sample size collected reaches
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50,000, which is 18th observation in Table 8, as there is no out of control signal observed
between the 7th and 18th plotted points.

This CCC scheme is depicted in Figure 7. The 23rd observation is plotted above the
UCL, indicating a possible process improvement. Thus, by using this proposed scheme,
the CCC chart is also able to detect a change in p.

6.   Conclusion

In this paper, the basic properties of CCC charts as well as CCC schemes with estimated
parameters are revisited. A set of comprehensive guidelines is given for the construction
of CCC charts, when p0 is known and when p0 is estimated by two different schemes. In
addition, the associated parameters for constructing CCC charts with the most commonly
used in-control ARLs are given in Tables 1 and 2. Termination and suspension rules are
introduced for the CCC scheme with sequentially estimated parameter to enhance the
sensitivity of the CCC scheme. An example is presented, illustrates the proposed scheme
for constructing CCC charts. In summary, Figure 4 gives the flow in constructing CCC
charts for high yield process monitoring when p0 is known and when p0 is estimated.

References

[1] Tang, L. C. and Cheong, W. T. ‘Cumulative Conformance Count Chart with
Sequentially Estimated Parameter,’ IIE Transactions, vol. 36, pp. 841-853, 2004.

[2] Yang, Z., Xie, M., Kuralmani, V. and Tsui, K. L. ‘On the Performance of
Geometric Charts with Estimated Control Limits,’ Journal of Quality Technology,
vol. 34, pp. 448-458, 2002.

[3] Goh, T. N. and Xie, M. ‘Statistical Control of a Six Sigma Process,’ Quality
Engineering, vol. 15, pp. 587-592, 2003.

[4] Glushkovsky, E. A. ‘ “On-line” G-control Chart for Attribute Data,’ Quality and
Reliability Engineering International, vol. 10, pp. 217-227, 1994.

[5] Xie, W., Xie, M. and Goh, T.N. ‘A Shewhart-like Charting Technique for High
Yield Processes,’ Quality and Reliability Engineering International, 11, 189-196,
1995.

[6] Kuralmani, V., Xie, M. and Goh, T. N. ‘A Conditional Decision Procedure for
High Yield Processes,’ IIE Transactions, vol. 34, pp. 1021-1030, 2002.

[7] Xie, M., Goh, T. N. and Kuralmani, V. ‘On Optimal Setting of Control Limits for
Geometric Chart,’ International Journal of Reliability, Quality and Safety
Engineering, vol. 7, pp. 17-25, 2000.

[8] Zhang, L., Govindaraju, K., Bebbington, M. and Lai, C.D. ‘On the Statistical
Design of Geometric Control Charts,’ Quality Technology and Quantitative
Management, vol. 1, pp. 233-243, 2004.

[9] Haldane, J. B. S. ‘A Labour-saving Method of Sampling,’ Nature, 155, No.3924,
1945.



On Establishing CCC Charts 21

Constructing CCC
Chart

Specify a
ARL0

Known p0 ?

No

Yes
Obtain  from

Equation (18) and
Equation (4)

Obtain the
respective values
of m and m from

Table 2

Yes

Start plotting using
control limits from
Equations (5) and
(6) with respective

 and 

Estimation of p0
conventional estimator

from Equation (14)

Estimation of p0  using
sequential estimation from

Equation (9)?

Specify  and
determine the value
of Rs and obtain the

respective m*

No

Obtain the respective
values of n and n
from Equation (15)
and Equation (4)

Start plotting using
control limits from

Equations (10) and
(11) with respective

m and m

Is m > m* ?

Yes

Stop updating,
continue with the

process monitoring
using current control

limits

No

Keep updating the
estimate and

control limits as m
increases

Specify  and
determine the value
of Rc and obtain the
minimum number of
samples needed, n*.

Start plotting using
control limits from

Equations (16) and
(17) with respective

n and n

Is n > n* ?

Yes

Keep updating the
estimate and

control limits as n
increases

No

Is the point within the
warning zone?

No

Yes

Updating is suspended
and process monitoring is

continued with current
control limits.

Is there significant
difference between 2

estimates ?

New estimate is
initiated and

compare with the
suspended
estimate

NoProcess restarted
with new estimate

Combine the data
and proceed with

updating

Yes

Fig. 7: Flow Chart for Implementing CCC Control Chart.
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