
 

 

  
Abstract—Process capability analysis of quality management is 

introduced in case study of specimens for  rice polished cylinder by 
this paper. The working  capability analysis of  specimens and the 
extensive  working  capability index of specialty are organized in the 
process capability analysis. These analysis models can be used to 
evaluate the common working capability analysis of specimens and 
specialty in university. The improvement constantly used the working 
level of specimens and specialty. So, it found the upper and lower 
specification limits by using x - R Chart with a certain confidence 
level depending on the purpose of the process capability analysis. 
 
Keywords—Rice polished cylinder, specimens, process capability 
analysis, quality management. 

I. INTRODUCTION 
N the past until present, rice milling machine has 
agriculture base machinery that important for Thai 

agriculturist. The agriculturist brought small rice milling 
machine which capacity as 1-2  ton/day to use increasing in 
the present  because  it has convenient and fastness for rice 
mill rice in family. However, rice quality depends on several 
factors such as abrasive shape, size, moisture and process of 
shelling and polishing [1]. But the most important factor is the 
type of the abrasives [2]. Furthermore, one of the major 
problems encountered is the wear of the polishing stone i.e. 
stones come off or chip from the cylinder and mix in the 
milled rice. Therefore, there is an attempt in replacing Emery 
stone which imported by other materials available in Thailand. 
The researcher of Thailand found the Quartz has appropriate 
abrasive characteristics such as sharp edge, hardness, natural 
substance etc. Therefore, it has a nearly potential for rice 
polishing cylinder compared with the Emery grain [2],[3]. The 
use of capability indices such as Cp, Cpk, and "Sigma" values 
is widespread in industry [4].  

Therefore, the purpose of this research is to generate the 
mechanical property from specimens rice polished cylinder 
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materials using by process capability (CP).  If the process is 
not in statistical control, we are unable to use reliably our 
estimates for spread and location. Hence our formula are 
redundant. In order to assess whether or not a process is in 
statistical control, quality practitioners use control charts. The 
most frequently used form of control charts in operation today 
are the derivation from the pioneering work of Dr.Walter 
Shewhart in the early 1920.s. In their basic form, these charts 
(e.g. X bar-R, X bar-S) are sensitive to detect relatively large 
shifts in the process, i.e. the order of 1.5 standard deviations or 
above. Two types of charts are primarily used to detect smaller 
shifts, namely Cumulative Sum (CUSUM) charts and 
Exponentially Weighted Moving Average (EWMA) charts [5]. 
For more information on these charts, the interested reader is 
referred to AIAG and Montgomery [6]. 

II. METHOD EXPERIMENTAL PROCEDURE  

A. Method 
Process capability analysis used the Normal distribution of 

control chart. It should note that there is an infinite number of 
distributions which may show the familiar bell-shaped curve, 
but are not Normally distributed. This is particularly important 
to remember when performing capability analysis. Therefore, 
these need to determine whether the underlying distribution 
can indeed be modeled well by a Normal distribution. If the 
Normal distribution assumption is not appropriate, yet 
capability indices are recorded, one may seriously 
misrepresent the true capability of a process. Consider the 
following simulation. Suppose the USL = ∅ 60 and LSL = ∅ 
45 millimeters, and our target for this process is midway 
between analysis of the 500 observations. Firstly, considering 
the X –R charts Refer to “(1)”, this see that the distribution is 
stable over the period of study. To illustrate the use of a 
process capability to estimate process capability, consider 
Fig.1 , which presents a process capability of the specimens 
data of 100 sample. The specimens data are shown in Table I, 
the 95 % confidence interval on cp and cpk.  
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Fig. 1 Specification of process 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

TABLE I 
 SPECIMENS 100 SAMPLE DATA (∅, MILLIMETERS)  

subgroups X1 X2 X3 X4 X5 SUM X  

1 50.5 52.1 50.8 49.9 53.4 - - 

2 50.7 51.2 52.1 49.8 48.7 - - 

3 49.9 50.1 51.2 50.6 51.4 - - 

4 51.5 52.4 51.4 51.7 52.3 - - 

5 51.7 52.5 48.9 49.7 51.2 - - 

6 52.3 52.4 51.6 51.8 52.3 - - 

7 51.6 51.9 52.4 52.6 53.7 - - 

8 52.3 53.2 51.6 54.2 55.2 - - 

9 49.8 46.8 49.7 50.2 50.6 - - 

10 50.8 50.4 50.3 50.1 49.8 - - 

11 51.3 52.4 51.6 52.4 52.6 - - 

12 50.8 50.4 51.2 52.4 53.7 - - 

13 49.9 48.7 46.5 49.1 50.6 - - 

14 51.6 50.4 52.3 54.6 53.1 - - 

15 52.3 52.4 51.6 53.1 52.2 - - 

16 50.9 52.1 53.6 49.9 48.7 - - 

17 49.8 50.6 51.3 52.4 53.6 - - 

18 49.8 50.7 52.6 51.4 53.5 - - 

19 51.5 52.6 52.6 52.9 53.1 - - 

20 52.5 52.3 51.9 52.7 49.2 - - 

21 52.5 52.6 53.4 51.7 50.9 - - 

22 51.8 52.7 50.9 49.7 51.1 - - 

23 51.9 50.6 52.4 53.2 49.6 - - 

24 49.9 48.7 50.5 50.6 51.3 - - 

25 50.5 51.3 52.4 49.8 48.8 - - 

26 51.3 50.2 51.6 51.4 52.7 - - 

27 53.1 51.4 53.2 49.8 48.6 - - 

28 51.4 52.3 50.1 49.3 48.7 - - 

29 46.8 48.2 48.9 50.1 50.7 - - 

30 51.2 51.6 54.3 52.8 53.4 - - 

31 53.1 51.4 52.3 51.8 50.4 - - 

32 52.1 52.4 53.1 54.6 53.7 - - 

33 53.1 51.6 54.2 51.9 50.7 - - 

34 52.6 51.8 52.4 53.6 51.7 - - 

35 51.6 52.4 53.2 52.7 53.2 - - 

36 53.5 52.4 53.6 51.9 50.7 - - 

. . . . . . - - 

. . . . . . - - 

. . . . . . - - 

96 52.6 52.4 51.8 53.7 50.2 - - 

97 51.6 52.4 51.8 52.9 50.9 - - 

98 52.8 51.7 53.4 51.6 50.8 - - 

99 49.9 51.2 53.7 50.8 49.6 - - 

100 51.2 50.3 48.6 49.5 51.2 - - 

B. Experimental Procedures 
 Process capability index relates the engineering 
specification (usually determined by the customer) to the 
observed behavior of the process. The capability of a process 
is defined as ratio of the distance from the process center to 
the nearest specification limit divided by a measure of the 
process variability. Some basic capability indices that have 
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been widely used in the manufacturing industry include Cp, 
and Cpk, explicitly defined as follows. : [7]. 
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Often the process data is collected in subgroups. Let Xij, 

i=1,…, m and j = 1,…, n represent the process data collected  
from the jth unit in the ith subgroup. Here, m equals the total 
number of subgroups, and n equals the subgroup sample size. 
The two most widely used capability indices are defined as :  
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where X , the overall average, is used to estimate the process 
mean μ ,and sσ̂ and  

2/ˆ dRσ are different estimates of the 

process deviation σ  The estimate overallwithin and σσ ˆˆ is the 

sample standard deviation )1/()( 2
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 whereas 

2/ /ˆ
2

dRdR =σ  is an estimate derived using the subgroup 

ranges Ri, i=1,…,m. The parameter d2 is an adjustment factor 
needed to estimate the process standard deviation from the 
average sample range. Since d2 is also used in the derivation 
of control limits for chartcontrolRx − . It is tabulated in 
standard references on statistical process control, such as the
 QS-9000 [5],[6],[8]. Large values of Cpk and Cpm should 
correspond to a capable process that produce the vast majority 
of units within the specification limits. However, equation 
(3),(4) is used when the mean of process data is departure 
from the median of specification limits and equation (5)  is 
actually, an upper limit can replace the minus sign with a plus 
above use z=1.645 to be approximately 95% ensure that the 
real  cpk  is above the limit. Where USL and LSL are the upper 

and the lower specification limits, respectively, x  is the 
process mean, and σ is the process standard deviation(overall 
process variation). The index Cp measures the magnitude of 
the process variation relative to the specification tolerance. 
Therefore, it only reflects process potential. The index Cpk 
takes into account process variation as well as the location of 
the process mean which is designed to monitor the 
performance of near-normal processes with symmetric 
tolerances. The index Ca is defined as the following, where m 
is the mid-point of the specification interval, 

2
LSLUSLm +

=  .  

The calculation formulae presented in the Table 1 is correct 
when the analyzed parameter is subject to a normal 
distribution or its distribution is close to the normal one. In 
such situations, there is obligatory the rule of three standard 
deviations according to the range chartRx −  see table 1 (i.e. 
within the range determined by a natural tolerance (2)) and all 
possible realizations of the process should be contained 
(Fig.1). In this paper, we consider the testing of most popular 
capability analysis  Cp, Cpm and Cpk using process capability. 
We obtain the posterior probability (p) for the process under 
investigation is capable and propose accordingly as a Bayesian 
procedure for capability testing. To make this Bayesian 
procedure practical for in-plant applications, we tabulate the 
minimum values of pkĉ  for the posterior probability p reaches 

various desirable confidence levels. An application example to 
the specimens process is presented to illustrate the 
applicability of the proposed approach.  

III. IMPLEMENTATION AND RESULTS 

A. Sample Size  
Because process capability indices are determined from 

estimates of standard deviation, they were  affected by sample 
size (degrees of freedom). As expected, the stability estimates 
of the standard deviation increases with sample size (n) of 5 
provide a very stable estimate of process capability. Even 
when n is 100 there is still substantial uncertainty in the 
estimator of Cpk. Tables 1  provide estimates of 95% 
confidence bounds for Cpk (lower bound) and Ppk (two sided 
interval), assuming normality. The data were classified into 
100 subgroup of five observation each by measured the 
thicknesses of in each batch units. Table II gives the 500 
recorded data observations. Fig.2 is shows the distribution  
output of two processes which have equal process means and 
standard deviations, and thus equal process capabilities.  As 
results, using capability indices to prioritize improvement 
efforts without checking the process distribution can lead to 
poor choices. 

This type of capability study usually measures product 
functional performance, not the process itself. When the 
engineer can observe directly on the process and can control 
the data collection methods, this study is a “true process 
capability study” [9]. When historical data is used and direct 
observation of the process is not possible, Montgomery refers 
to this as a product characterization study “In a product 
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characterization study, we can only estimate the distribution of 
the product quality characteristics; we can say nothing about 
the statistical stability of the process.” Histograms (or stem-
and-leaf plots) require at least 100 observations. If the data 
sequence is preserved, Mean Square of Successive Differences 
(MSSD) can be used to estimate the Short Term Standard 
Deviation (STSD). An estimate of process standard deviation 
can be obtained from chartcontrolRandX . 

B. The Results 
The results of preliminary analysis (the values of shape 

parameters i.e. kurtosis and skewness) in Table 2, the 
empirical distribution at Fig. 2 and especially the graphical 
test of normality Fig.2 indicate that the analyzed parameter is 
not subject to a normal distribution.  In connection with it cpk 
capability analysis have been determined. Figure 1 shows the 
corresponding RandX control chart and all points under 
control limits. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

TABLE II 
 SPECIMENS 100 SAMPLE DATA (∅, MILLIMETERS)  

subgroups X1 X2 X3 X4 X5 SUM X  

1 50.5 52.1 50.8 49.9 53.4 256.7 51.3 
2 50.7 51.2 52.1 49.8 48.7 252.5 50.5 
3 49.9 50.1 51.2 50.6 51.4 253.2 50.6 
4 51.5 52.4 51.4 51.7 52.3 259.3 51.8 
5 51.7 52.5 48.9 49.7 51.2 254 50.9 
6 52.3 52.4 51.6 51.8 52.3 260.4 52.1 
7 51.6 51.9 52.4 52.6 53.7 262.2 52.4 
8 52.3 53.2 51.6 54.2 55.2 266.5 53.3 
9 49.8 46.8 49.7 50.2 50.6 247.1 49.4 
10 50.8 50.4 50.3 50.1 49.8 251.4 50.3 
11 51.3 52.4 51.6 52.4 52.6 260.3 52.1 
12 50.8 50.4 51.2 52.4 53.7 258.5 51.7 
13 49.9 48.7 46.5 49.1 50.6 244.8 48.9 
14 51.6 50.4 52.3 54.6 53.1 262 52.4 
15 52.3 52.4 51.6 53.1 52.2 261.6 52.3 
16 50.9 52.1 53.6 49.9 48.7 255.2 51.0 
17 49.8 50.6 51.3 52.4 53.6 257.7 51.5 
18 49.8 50.7 52.6 51.4 53.5 258 51.6 
19 51.5 52.6 52.6 52.9 53.1 262.7 52.5 
20 52.5 52.3 51.9 52.7 49.2 258.6 51.7 
21 52.5 52.6 53.4 51.7 50.9 261.1 52.2 
22 51.8 52.7 50.9 49.7 51.1 256.2 51.2 
23 51.9 50.6 52.4 53.2 49.6 257.7 51.5 
24 49.9 48.7 50.5 50.6 51.3 251 50.2 
25 50.5 51.3 52.4 49.8 48.8 252.8 50.6 
26 51.3 50.2 51.6 51.4 52.7 257.2 51.4 
27 53.1 51.4 53.2 49.8 48.6 256.1 51.2 
28 51.4 52.3 50.1 49.3 48.7 251.8 50.4 
29 46.8 48.2 48.9 50.1 50.7 244.7 48.9 
30 51.2 51.6 54.3 52.8 53.4 263.3 52.7 

        
        
        
        
        
        
. . . . . . . . 
. . . . . . . . 
. . . . . . . . 

96 52.6 52.4 51.8 53.7 50.2 260.7 52.1 
97 51.6 52.4 51.8 52.9 50.9 259.6 51.9 
98 52.8 51.7 53.4 51.6 50.8 260.3 52.1 
99 49.9 51.2 53.7 50.8 49.6 255.2 51.0 
100 51.2 50.3 48.6 49.5 51.2 250.8 50.2 

SUM 5115 

X  51.15 
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Fig. 2  x  and R bar chart for specimens 

 
 As the x  -R charts indicate stability, even using all of the 

Western Electric rules [10]. We have some justification to use 
estimates of the overall process mean (σ) and the within 
subgroup (short-term) standard deviation (σwithin) from this 
course of study. Many practitioners mistrust the estimate of 
the overall standard deviation (σoverall) as their question 
whether this window of inspection could truly estimate all of 
the possible realizations of special causes in the long term [4]. 
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Fig. 3 Normal probability plot of the specimens data 

 
From the Normal probability plot graph in Fig.3, the  

Normality test shows that we are unable to reject the null 
hypothesis, H0: data follow a Normal distribution vs. H1: data 
do not follow a Normal distribution, at the ≤ 0.05 significance 
level. This is due to the fact that the p-value test is 0.005, 
which is r less than 0.05 - a frequently used level of 
significance for such a hypothesis test, as opposed to the more 
traditional 0.05 significance level. 

 The capability analysis in Fig.4 shows that with the USL 
= 60 and LSL = 45 millimeters. Long-term performances are 
also indicated, namely that approximately 0.02 parts per 
million (ppm) would be nonconforming if only common 
causes of variability were present in the system, and 
approximately 0.02 ppm in the long-term. 

 Based on the data in Table 1 we calculate the following 
quantities : 1488.51=X , 12442.1ˆ50448.1ˆ == overallwithin and σσ . 
Since in this example, the subgroup size equals five, d2 = 
2.326. Using the definitions (2-5) yields Cp = 1.65953,Cpk = 
min{1.95851,1.36055}=1.36055, Cpm = 1.43484, Pp = 2.23 

and }361.1,959.1min{ˆ =pkC =1.361. In this case, all the values  

are quite different. In fact, lie on different sides of the key 
cutoff values 1.33 and 1.67 given in QS-9000. Which 
capability index is better in this example. As refer to “(2-5)”, 

the measures Cp, Cpk, Cpm and pkĈ  differ only in the estimate 

of the process standard deviation used in the denominator. As 
a result, to compare the four capability measures that we need 
to compare two standard deviation estimates 

overallwithin and σσ ˆˆ . 
There is one important differences between 

overallwithin and σσ ˆˆ . 
Since the range-based estimate 

2/ˆ dRσ is calculated based on 

subgroup ranges, it uses only the variability within each 
subgroup to estimate the process standard deviation. The 
sample standard deviation- based estimate 

overallwithin and σσ ˆˆ . 
On the other hand, it combines all the data together and  used 
both the within  overall subgroup variability. The total 
variation in the Vickers hardness process is the sum of the 
within and overall subgroup variability. As a result, 

overallwithin and σσ ˆˆ  estimate the total variation present in the 
process within 

2/ˆ dRσ estimates only the within and overall 

subgroup variation. 
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Fig. 4 graphical illustration of the specimens data 

 

In connection with Cp, Cpm,Cpk and pkĈ capability analysis 

have been determined according to adequate expression 
presented. Refer to “(1)(2),” to determine the values X , R ,

withinσ and 
overallσ . There were used four the computable 

method basing on knowledge of density function. The results 
are shown in Table III. 
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TABLE III 
 RESULTS- CAPABILITY ANALYSIS  

X  R  
withinσ  overallσ  

51.148 3.504 1.50448 1.12242 
    

T= m  Cp Cpk Cpm 
pkĈ  

52.5 1.65953 1.36055 1.43484 1.361±0.2205 

 
The value of Cpk index achieved in analysis is not 

unfortunately from an evidence of meeting the specimens 
expectations (the required minimal value of Cpk index 
determined by the specimens was 1.36). 

IV. CONCLUSION 
The estimation of process capability is one of the basic 

tasks of the statistical process control (SPC). The values of 
Cp, Cpk indices are very precise information on a process 
potential relating to the client’s expectations. Correct 
determination of Cp, Cpk indices values by counting requires 
identification of a distribution shape, at least as a general 
settlement whether it is a normal distribution or not. If it is a 
normal distribution, the estimation of Cp, Cpk can use a 
simple counting classic approach that is based on the rule of 
three standard deviations. If it is not a normal distribution, the 
application of a classic approach leads to wrong results. 
Statistical process control methods (SPC) and especially 
estimation of a process capability show opportunities of 
statistics practical application in aspect of the technological 
processes analysis . It justifies the need or even necessity for 
education of mathematical statistics methods in technical 
faculties in universities. 
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