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ABSTRACT This paper investigates the performance of the coefficient of variation chart in the presence of
measurement errors for finite production horizon. We study a two-sided Shewhart coefficient of variation
chart with measurement errors for detecting both increase and decrease in the coefficient of variation for
short run processes using an error model with linear covariate. The performance of the coefficient of variation
chart is evaluated by the truncated average run length and the expected value of the truncated average run
length. The numerical results indicate that the precision error and the accuracy error have negative effect
of the measurement errors on the performance of the coefficient of variation chart. In addition, the constant
coefficient B in the linear covariate error model reduces the negative effect of the measurement errors on
the performance of the coefficient of variation chart. However, taking multiple measurements per item in
each sample is not an effective method to enhance the performance of the coefficient of variation chart.
An example is provided to illustrate the implementation of the coefficient of variation chart. In addition,
the economic criterion is also added to study the effect of measurement errors on the expected inspection

cost. The result shows that an increase in the precision error reduces the expected inspection cost.

INDEX TERMS Coefficient of variation, measurement errors, short production runs.

I. INTRODUCTION

Control chart for monitoring the coefficient of variation (CV)
is a useful tool for statistical process control when the mean is
proportional to the standard deviation so that the ratio of the
standard deviation to the mean is a constant. Kang et al. [1]
proposed Shewhart-type control chart for monitoring the CV.
Castagliola et al. [2] proposed a Shewhart CV control chart
with variable sample size (VSS) and they designed the CV
chart with VSS to obtain the optimal design parameters by
minimizing the out-of-control average run length or average
sample size. Tran and Tran [3] presented a method to monitor
the squared CV by using the cumulative sum chart and they
studied the run length properties of the proposed chart using a
Markov chain approach. You et al. [4] presented a side sensi-
tive group runs chart for monitoring the CV and the proposed
chart surpasses the Shewhart CV, runs rules CV, synthetic
CV and exponentially weighted moving average (EWMA)
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CV charts by means of average run length and standard
deviation of run length. Khaw et al. [S] used the variable
sample size and sampling interval (VSSI) feature to improve
the performance of the CV chart and they measured the
performance of the proposed chart, in terms of the average
time to signal and expected average time to signal criteria.
Teoh et al. [6] developed a rum sum chart for monitoring the
CV and their results showed that the proposed chart outper-
forms the Shewhart CV, run rules CV and EWMA CV charts.
Yeong et al. [7] proposed a VSS scheme directly monitor-
ing the CV, instead of monitoring the transformed statistics.
The advantage over the VSS chart based on the transformed
statistics is the proposed chart provides an easier alternative
as no transformation is involved. Yeong et al. [8] proposed
an EWMA chart with variable sampling interval (VSI) to
monitor the CV. The comparative studies showed that the VSI
EWMA CV chart outperforms other competing charts such as
Shewhart CV, synthetic CV, VSI CV and EWMA CV charts.
Muhammad et al. [9] proposed a VSS EWMA CV chart and
the performance comparison showed that the proposed chart
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outperforms the Shewhart CV, EWMA CV, synthetic CV,
run rules CV and VSS CV charts in almost all scenarios.
Yeong et al. [10] proposed a variable parameters chart to
monitor the CV. The variable parameters CV chart consis-
tently outperforms the five alternative CV charts, which are
the VSSI CV, VSI CV, VSS CV, synthetic CV and Shewhart
CV charts for all the given shift sizes. Zhang et al. [11]
proposed a new EWMA chart for monitoring the CV. They
presented the implementation and optimization procedures
for the proposed chart. Chen ef al. [12] proposed a gener-
ally weighted moving average control chart with adjusted
time-varying control limits for monitoring the CV. As demon-
strated by extensive simulation results, the proposed chart is
clearly more sensitive than other competing procedures in the
literature.

The presence of measurement errors affects the perfor-
mance of control charts. Since the measurement errors do
exist in practice, many researchers studied the measure-
ment errors on the performance of various control charts.
Daryabari et al. [13] investigated the effect of measurement
errors on the performance of the maximum exponentially
weighted moving average and mean squared deviation con-
trol chart for jointly monitoring the process mean and vari-
ance. Maleki et al. [14] presented an overview for the effect
of measurement errors on different aspects of statistical pro-
cess monitoring. They reported an extensive survey of the
research on control charts with measurement errors and they
also provided some directions to motivate the future stud-
ies. Tran et al. [15] examined the performance of Shewhart
median control chart in the presence of measurement errors
by assuming the measurement error model as in Linna and
Woodall [16]. Based on their results, it is obvious that mea-
surement errors greatly affect the performance of Shewhart
median chart. Yeong et al. [17] proposed the CV chart with
a linear covariate error model and they found that using
the control limits computed by ignoring the presence of
measurement errors leads to erroneous conclusions regard-
ing the average run length. Amiri ez al. [18] incorporated
the measurement errors into a hybrid method based on the
generalized likelihood ratio and EWMA control charts for
simultaneously monitoring the multivariate process mean and
variability. They also suggested four remedial approaches
to decrease the effect of measurement errors on the perfor-
mance of the proposed control chart. Cheng and Wang [19]
investigated the effect of measurement errors on the EWMA
median and cumulative sum median charts. Their results
indicated that the presence of measurement errors signifi-
cantly affect the performance of the monitoring procedure.
Cheng and Wang [20] presented a VSSI median control chart
with estimated parameters in the presence of measurement
errors. Their results showed that the VSSI median chart
performs better than the Shewhart median, VSS median and
VSI median control charts in terms of the average time to
signal. Tang et al. [21] investigated the performance of an
adaptive EWMA chart when measurement errors exist using
the linear covariate error model. The comparisons with the
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classical EWMA scheme confirmed the superiority of the
adaptive EWMA scheme in detecting a wide range of shifts
in the presence of measurement errors. Nguyen ef al. [22]
proposed a VSI Shewhart chart for monitoring the squared
CV, denoted by VSI CV chart. Their numerical simulations
showed that the precision error and the accuracy error do have
negative influences on the VSI CV chart. Sabahno et al. [23]
evaluated the effect of measurement errors on the overall
performance of the VSS Hotelling’s 77 control chart and
they used an optimization algorithm to find the minimum
overall values of the performance measure for two dif-
ferent models. Tran et al. [24] studied the performance of
the CV Shewhart-type control chart and the one-sided CV
EWMA-type control chart using a model with linear covari-
ate. Their results showed that the precision and accuracy
errors significantly affect the performance of both control
charts. Tran et al. [25] examined the performance of syn-
thetic median chart in the presence of measurement errors
by assuming the measurement error model as in Linna and
Woodall [16]. Their results showed that the performance of
the synthetic median chart deteriorates when the measure-
ment errors increase. Tran et al. [26] investigated the effect
of the measurement errors on the performance of cumulative
sum chart for monitoring the CV. Their results showed that the
precision error and the accuracy error have negative impact on
the chart’s performance.

Ladany [27] first proposed the control chart for short pro-
duction runs where he introduced the economic optimization
of a p-chart for short runs. Since then, the design of various
control charts in a short run context is receiving increased
attention in the literature. Crowder [28] derived an algorithm
that allows the implementation of a short-production-run ver-
sion of an economic-process-control model of Bather and
Box and Jenkins. Castillo and Montgomery [29] presented
some modifications that enhance the average run length
properties of the Q chart. Castillo et al. [30] reviewed and
commented on the statistical control methods for short pro-
duction runs. Nenes and Tagaras [31] proposed the perfor-
mance measure for the statistical performance of control
charts with short production runs, where the production run
ends after H hours. Trovato et al. [32] compared different
strategies for monitoring the dispersion of a quality char-
acteristic within a stage of a manufacturing process pro-
ducing a short run of parts. Celano ef al. [33] presented
the theoretical background underlying the ¢-chart imple-
mentation and some statistical measures of performance
have been computed to evaluate the chart statistical sen-
sitivity during the short run. Celano et al. [34] proposed
the economic design of a CUSUM ¢ chart for monitoring
short production runs without the need of Phase I samples.
Celano et al. [35] also investigated the economic design of
an SPC inspection procedure in short production runs based
on a Shewhart control chart for monitoring the ¢ statis-
tic. Castagliola et al. [36] presented the theoretical back-
ground that allows the statistical performance measures of
the variable sample size ¢ Shewhart chart to be computed.

72217



IEEE Access

M. H. Lee et al.: Effect of Measurement Errors on the Performance of CV Chart

Celano et al. [37] investigated the statistical performance of
the Shewhart, EWMA and CUSUM ¢ charts for short pro-
duction runs when the shift size is unknown and modeled
by means of a statistical distribution. Castagliola et al. [38]
investigated the CV chart for finite production horizon and
they investigated the statistical properties of the proposed
chart when the shift size is deterministic. Amdouni et al. [39]
proposed an adaptive Shewhart chart implementing a VSS
strategy in order to monitor the CV in a short run con-
text and they obtained the optimal chart parameters by
minimizing the out-of-control truncated average run length.
Amdouni et al. [40] proposed a method to monitor the CV
in a short run context by means of one-sided run rules type
chart. A comparison analysis has been performed to show
that implementing one-sided run rules type charts is the best
decision most of the time. Celano et al. [41] compared the
performance of several control charts for observations with
a location-scale distribution in a finite horizon process for
jointly monitoring the location and scale. Celano et al. [42]
investigated the statistical performance of a nonparametric
Shewhart sign control chart for monitoring the location of
quality characteristic in a production process with a finite
horizon. Amdouni et al. [43] investigated the design and
implementation of a VSI chart to monitor the CV in a short
run context. They derived the formulas for the truncated
average time to signal. Performance comparison with the
Shewhart CV chart demonstrated the outperformance of the
VSI CV chart over the fixed sampling rate chart. Nikolaidis
and Tagaras [44] evaluated the statistical performance of
various one-sided Bayesian X charts for monitoring the pro-
cess mean in finite production runs. They found out that
very often the Bayesian X chart with adaptive sample sizes
performs better than other Bayesian X charts from a statistical
point of view. Celano and Castagliola [45] investigated the
implementation of the EWMA sign control chart for finite
production horizon process. They evaluated the statistical
properties of the EWMA sign control chart with varying
control limits using a nonhomogeneous Markov chain model.
Zhou et al. [46] evaluated the control chart’s performance for
four different monitoring schemes based on fractional non-
conformance for short run productions. Their results showed
that the choice of the monitoring scheme does not heav-
ily depend on the distribution of the quality characteristic.
Chong et al. [47] proposed the multivariate fixed sample size
and VSS Hotelling’s T2 short-run charts to monitor the mean
shift in short production runs. Based on the comparison
between the control charts, the VSS Hotelling’s T2 short-run
chart surpasses its fixed sample size counterpart for most shift
sizes. Khatun et al. [48] investigated the statistical perfor-
mance of one-sided chart for monitoring the multivariate CV
in short production runs. They found out that the upward chart
is faster in detecting the same shift size of the multivariate CV
compared to its downward counterpart.

In most practical applications, production processes are set
up to produce quantities over a short time period. In such
cases, research work has to consider the design of control
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charts with a short run context since the duration of the pro-
duction runs is limited. Furthermore, the performance of con-
trol charts in the presence of measurement errors significantly
differs from their counterparts without measurement errors.
Therefore, the goal of this study is to investigate the statistical
performance of the CV chart for short production runs in the
presence of measurement errors. The numerical results show
that the measurement errors influence the performance of the
CV chart for short production runs.

Il. COEFFICIENT OF VARIATION CHART FOR SHORT
PROUCTION RUNS

When monitoring the CV in a process, samples {Xi, X»,
..., X} of size n are selected, then the sample CV, that is
p = S/X is plotted on the CV chart, where X = > i1 Xj/n

is the sample mean and S = \/Z]'.;] Xj — X)2/(n—1) is

the sample standard deviation. Let F, ,_1(~|n — 1, /n/yo) be
the inverse of the cumulative function of the non-central ¢
distribution with (n— 1) degrees of freedom and noncentrality
parameter 1/n/yp, where yy is the in-control target CV value.
We investigate a two-sided CV chart in this study, where
the detection of increasing and decreasing shifts is of equal
importance. Let p be the desired false alarm probability of the
CV chart, then the lower control limit and the upper control
limit of the CV chart are calculated as

_p-1(P
LCL = F; (5 In, yo) (1
and
_ -1 P
UCL = F; (1 -2, yo) , @)
respectively, where Fy’l(a) In, vo) = u/(F7'(1 — o
n—1,/n/yo).

We assume that a small lot of N parts has been produced
during a production having finite length H and there are [/
number of scheduled inspections within the production hori-
zonH.LetFy(x|n,y) = 1—F(/n/x|ln—1, {/n/y)andy =
70, where 7 is the shift in the CV and F(\/n/x|n—1, \/n/y)
is the cumulative function of the non-central  distribution
with (n — 1) degrees of freedom and noncentrality parameter
/n/y, then the truncated average run length of the CV chart
for short production runs is TARL = (1 — g/*1)/(1 — B),
where 8 = F), (UCL|n, y) — F,,(LCL|n, y). Note that t = 1
when the process is in-control, while T 7 1 when the process
is out-of-control. Values of 0 < 7 < 1 correspond to the
decrease in the CV, while values of 7 > 1 correspond to the
increase in the CV.

Ill. STATISTICAL DESIGN OF COEFFICIENT OF VARIATION
CHART WITH MEASUREMENT ERRORS FOR

SHORT PRODUCTION RUNS

Recently, Tran et al. [24] investigated the effect of measure-
ment errors on a two-sided CV chart in which the production
horizon is considered as infinite. However, the production
horizon in many situations is very short, that is few hours or

VOLUME 8, 2020



M. H. Lee et al.: Effect of Measurement Errors on the Performance of CV Chart

IEEE Access

few days and this is considered as finite. Consequently, this
paper extends the work in Tran et al. [24] to study the effect
of measurement errors on the CV chart in a short run context.

In this study, we investigate a two-sided CV chart for short
production runs with measurement errors in detecting both
increasing and decreasing shifts. We use the linear covariate
error model in Tran et al. [24] to evaluate the performance
of the two-sided CV chart for short production runs. A set of
samples {X; 1, Xi2, ..., Xin} is selected at the ith sampling
point, for i = 1,2, ..., where X;; follows a normal distri-
bution with mean @ + 6109 and standard deviation 8,09.
Here, ¢ is the in-control mean, oy is the in-control standard
deviation, §; is the shift size of the mean and §, is the shift
size of the standard deviation.

To reduce the effect of measurement errors, many
researchers suggested taking multiple measurements on each
item. Therefore, the true value of X; ; in the linear covariate
error can be accessible via {X Lt Xl#j PTTRR l] m} where
m is the number of multiple measurements per item in each
sample. As suggested by Tran ef al. [24], the linear covariate
error model is given as

ljk—G+HXz]+Ezjks (3)

where ij’ « 18 the value observed for the kth measurement
of the jth item at the ith sampling point; G and H are the
known constant coefficients of the error model; E; j x is the
random error following a normal distribution with mean 0 and
standard deviation ogyy.

The mean of m measurements for the jth item at the ith
sampling point is

m
ZX,] ¢ =G+ HX;j+ nlq > Eijk. @
k=1
where X f i follows a normal distribution with mean ug = G+
H (o + 8100) and variance UE2 = HZ(S%GOZ + GI%M/m (Tran et
al. [24]). Consequently, the CV of }_(fj is defined as

oE \/H25§U()2 +0gy/m )
ne  G+H(uo+8100)
Let ¢ = oy /09 be the precision error, Yo = op/ /Lo be the

in-control target CV value and p = G/ug be the accuracy
error, then (5) becomes

VH?83 + ¢2/m
O s X (6)
p+H(+81y0)
Based on this equation, the in-control CV value with mea-
surement errors is computed as
VH? + g% /m
=—x 7
YEO H+p Y0 (7N
corresponding to 8; = 0 and §; = 1, while the out-of-control
CV value with measurement errors is computed as

VH28 + ¢ /m

Hs
Tt

YE =

YE =

VEl = X Y0 (8)
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corresponding to 61 # 0 and 8> # 1 [24]. Note that H = 1,
¢ = 0 and p = 0 if the measurement errors are not taken
into consideration. According to Tran et al. [24], the sample
CV with measurement errors at the ith sampling point is
defined as
S#
);El - }_( # (9)
l

- n
v LN v
where X7 = E iy is the sample mean of X7 and

n -
st = Zi ()_(i#j —X")?2/(n—1) is the sample standard
j=

deviation of )_(f iz

Let F, ,_1 (-|n—1, \/n/yEo) be the inverse of the cumulative
function of the noncentral ¢ distribution with (n — 1) degrees
of freedom and noncentrality parameter /n/yEo and let o be
the type I error probability of the CV chart with measurement
errors, then the lower control limit and the upper control limit
of the CV chart with measurement errors are calculated as

LCL = F,,! (2‘n yE()) (10)
and

UCL:F;;(I—%‘n,yEo), (11)

respectively, where FV’E] (cln, yeo) = /n/F711 — ¢ln —
1, /n/vE0).

Let Fy,(x|n, yg) = 1 — Fi(y/n/x|n — 1, /n/yE), where
Fi(-ln— 1, /n/yE) is the cumulative function of the noncen-
tral ¢ distribution with (n— 1) degrees of freedom and non-
centrality parameter /n/yE . In general, the truncated average
run length of control charts for short production runs [31] is

computed as
1 — ﬁ[ +1

1-p
where 8 = F,.(UCL|n, yg) — F;(LCL|n, yg) for the CV
chart with measurement errors. Here, TARL = TARL for
YE = Ygo When the process is in-control, while TARL =
TARL, for yg = yg1 when the process is out-of-control (i.e.
0 < t < 1 for the decreasing shift or T > 1 for the increasing
shift), where TARLy and TARL are the in-control and out-
of-control TARLs, respectively. Once the UCL and LCL
(i.e. chart parameters) are defined based on (10) and (11),
respectively for the given values of H, m, p, ¢, yp and n such
that TARLy = I, then the TARL value can be numerically
evaluated for a given shift size 7.

When the shift size is not deterministic, especially when
a specific shift size cannot be determined a priori, then the
performance of the CV chart for a short run context can be
measured by the out-of-control expected value of the TARL
as follows:

TARL = , (12)

ETARL; = / TARL, x f(z)dx, (13)
Q
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TABLE 1. LCL and UCL of the CV Chart for Short Production Runs when H =1,

m =1, p = 0.05 and | = 50 for Different Values of .

% n =0 c=0.2 ;=04 c=0.6 =028 ¢=10
0.05 5 LCL 0.005676 0.005788 0.006113 0.006618 0.007266 0.008022
UCL 0.108240 0.110401 0.116652 0.126410 0.138970 0.153689
10 LCL 0.015204 0.015504 0.016373 0.017725 0.019460 0.021484
UCL 0.087527 0.089269 0.094308 0.102166 0.112271 0.124096
15 LCL 0.020478 0.020883 0.022052 0.023874 0.026211 0.028937
UCL 0.079388 0.080966 0.085530 0.092646 0.101793 0.112490
0.1 5 LCL 0.011330 0.011553 0.012198 0.013200 0.014485 0.015981
UCL 0.219115 0.223601 0.236612 0.257041 0.283572 0.315037
10 LCL 0.030335 0.030932 0.032655 0.035336 0.038769 0.042765
UCL 0.176395 0.179961 0.190294 0.206470 0.227384 0.252039
15 LCL 0.040860 0.040860 0.043985 0.047597 0.052222 0.057606
UCL 0.159710 0.159710 0.172229 0.186779 0.205560 0.227649
0.2 5 LCL 0.005676 0.005788 0.006113 0.006618 0.007266 0.008022
UCL 0.108240 0.110401 0.116652 0.126410 0.138970 0.153689
10 LCL 0.015204 0.015504 0.016373 0.017725 0.019460 0.021484
UCL 0.087527 0.089269 0.094308 0.102166 0.112271 0.124096
15 LCL 0.020478 0.020883 0.022052 0.023874 0.026211 0.028937
UCL 0.079388 0.080966 0.085530 0.092646 0.101793 0.112490

TABLE 2. LCL and UCL of the CV Chart for Short Production Runs when H =1,

m = 1, ¢ = 0.28 and | = 50 for Different Values of ».

% n p=0 p =001 p=0.02 p=0.03 p=0.04 p=0.05
0.05 5 LCL 0.006188 0.006127 0.006067 0.006009 0.005951 0.005894

UCL 0.118112 0.116932 0.115775 0.114641 0.113528 0.112438

10 LCL 0.016575 0.016412 0.016251 0.016094 0.015939 0.015788

UCL 0.095484 0.094533 0.093600 0.092687 0.091790 0.090911

15 LCL 0.022325 0.022105 0.021888 0.021676 0.021468 0.021264

UCL 0.086595 0.085733 0.084889 0.084061 0.083250 0.082453

0.1 5 LCL 0.012348 0.012226 0.012107 0.011990 0.011876 0.011763

UCL 0.239659 0.237195 0.234782 0.232418 0.230103 0.227834

10 LCL 0.033057 0.032732 0.032413 0.032101 0.031795 0.031494

UCL 0.192710 0.190756 0.188842 0.186966 0.185128 0.183326

15 LCL 0.044527 0.044089 0.043660 0.043239 0.042826 0.042421

UCL 0.174403 0.172645 0.170922 0.169233 0.167577 0.165954

0.2 5 LCL 0.024467 0.024231 0.023999 0.023771 0.023548 0.023329

UCL 0.509648 0.503749 0.497994 0.492378 0.486895 0.481540

10 LCL 0.065388 0.064759 0.064141 0.063536 0.062941 0.062358

UCL 0.400101 0.395742 0.391481 0.387314 0.383239 0.379251

15 LCL 0.088097 0.087249 0.086416 0.085600 0.084798 0.084012

UCL 0.358853 0.355032 0.351294 0.347636 0.344055 0.340550

where f(tr) = 1/(b — a) is a uniform distribution giv- IV. EFFECT OF MEASUREMENT ERRORS ON THE

ing equal weight to each shift size within the interval
Q € [a, b] and the in-control ETARL (ETARLg) is
equal to TARLg. When designing the CV chart based on
ETARL, the UCL and LCL (i.e. chart parameters) are
determined using (10) and (11), respectively such that
ETARLy = TARLy = I. Then, the ETARL; value can
be numerically evaluated for a range of shift sizes between
a and b.

Note that the sensitivity of the CV chart in shift detection
increases with a decreasing value of TARL| (or ETARL) for
a given value of TARLy (or ETARL). Therefore, the CV
chart performs better with a smaller value of TARL; (or
ETARL), indicating a smaller value of TARL| (or ETARL)
decreases the negative effect of the measurement errors on the
TARL; (or ETARL) performance of the CV chart for short
production runs.
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STATISTICAL PERFORMANCE OF COEFFICIENT

OF VARIATION CHART FOR SHORT

PRODUCTION RUNS

In this section, we investigate the effect of measurement
errors on the performance of the CV chart for short produc-
tion runs using the linear covariate error model discussed in
the previous section. Tables 1-4 present the values of LCL and
UCL, in which the CV chart is designed such that TARLy =
I =50,n€{5,10,15} and yp € {0.05,0.1, 0.2}, for different
parameter combinations of measurement errors (i.e. ¢, p,
H and m). According to Tran et al. [24], it is assumed that
82 = 1 without loss of generality.

Tables 5-8 provide the values of TARL; of the CV chart
with short production runs when yy € {0.05, 0.1, 0.2},
n € {5, 10, 15} and = € {0.5, 0.7, 0.8, 1.3, 1.5, 2.0}
for different parameter combinations of measurement errors
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TABLE 3. LCL and UCL of the CV Chart for Short Production Runs when m = 1, ¢ = 0.28, p = 0.05 and | = 50 for Different Values of H.

% n H=1 H=2 H=3 H=4 H=5
0.05 5 LCL 0.005894 0.005871 0.005888 0.005901 0.005910
UCL 0.112438 0.111992 0.112308 0.112560 0.112741
10 LCL 0.015788 0.015726 0.015770 0.015804 0.015830
UCL 0.090911 0.090552 0.090807 0.091009 0.091155
15 LCL 0.021264 0.021181 0.021240 0.021287 0.021321
uCL 0.082453 0.082128 0.082359 0.082542 0.082674
0.1 5 LCL 0.011763 0.011717 0.011750 0.011776 0.011794
UCL 0.227834 0.226908 0.227565 0.228087 0.228464
10 LCL 0.031494 0.031371 0.031458 0.031527 0.031577
UCL 0.183326 0.182590 0.183112 0.183527 0.183826
15 LCL 0.042421 0.042255 0.042373 0.042466 0.042533
UCL 0.165954 0.165291 0.165762 0.166135 0.166405
02 5 LCL 0.023329 0.023239 0.023303 0.023353 0.023390
UCL 0.481540 0.479359 0.480906 0.482136 0.483024
10 LCL 0.062358 0.062119 0.062288 0.062423 0.062520
UCL 0.379251 0.377625 0.378779 0.379696 0.380357
15 LCL 0.084012 0.082509 0.082002 0.081747 0.084230
uUCL 0.340550 0.333883 0.331638 0.330511 0.341523

TABLE 4. LCL and UCL of the CV Chart for Short Production Runs when H = 1, ¢ = 0.28, p = 0.05 and | = 50 for Different Values of m.

% n m=1 m=3 m=5 m=17 m=10
0.05 5 LCL 0.005894 0.005750 0.005721 0.005708 0.005698
UCL 0.112438 0.109656 0.109092 0.108849 0.108667
10 LCL 0.015788 0.015401 0.015322 0.015289 0.015263
UCL 0.090911 0.088669 0.088214 0.088018 0.087871
15 LCL 0.021264 0.020743 0.020637 0.020592 0.020558
UCL 0.082453 0.080422 0.080010 0.079833 0.079699
0.1 5 LCL 0.011763 0.011476 0.011418 0.011393 0.011374
UCL 0.227834 0.222055 0.220883 0.220379 0.220001
10 LCL 0.031494 0.030726 0.030570 0.030503 0.030453
UCL 0.183326 0.178732 0.177801 0.177400 0.177099
15 LCL 0.042421 0.041387 0.041177 0.041086 0.041018
UCL 0.165954 0.161816 0.160977 0.160616 0.160344
0.2 5 LCL 0.023329 0.022769 0.022655 0.022606 0.022569
UCL 0.481540 0.467981 0.465247 0.464072 0.463190
10 LCL 0.062358 0.060867 0.060564 0.060433 0.060335
UCL 0.379251 0.369124 0.367076 0.366196 0.365535
15 LCL 0.084012 0.082002 0.081593 0.081417 0.081285
UCL 0.340550 0.331638 0.329833 0.329058 0.328475

(i.e. ¢, p, H and m) based on the values of LCL and UCL in
Tables 1-4, where TARLy = I = 50. From the numerical
results in Tables 5-8, it can be noticed that when the shift
size T decreases (when 0 < T < 1) or increases (when
Tt > 1) for the fixed values of m, n, ¢, p, H, v
and /, the value of TARL; decreases. The tables also show
that the value of TARL| decreases when the sample size
n increases for the fixed values of m, n, ¢, p, H, y
and /.

Table 5 presents the TARL; values for different combina-
tions of the precision error ¢ € {0, 0.2, 0.4, 0.6, 0.8, 1.0}
when H = 1,m =1, p = 0.05 and I = 50 with yg € {0.05,
0.1,0.2},n € {5,10,15}and t € {0.5,0.7,0.8, 1.3, 1.5, 2.0}.
It can be noticed from Table 5 that as the value of ¢ increases
for the fixed values of ¢, p, H, I, yp, n and t, the negative
effect of the measurement errors on the TARL performance
of the CV chart for short production runs increase. This is
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to say, the increase in ¢ value reduces the sensitivity of the
CV chart. For instance, when H = 1, m =1, p = 0.05,1 =
50,n =5,y = 0.1 and T = 1.5, we have TARL| = 19.26,
19.28, 19.32, 19.40, 19.50 and 19.64, respectively for ¢ = 0,
0.2,0.4,0.6,0.8 and 1.0.

Table 6 presents the TARL values for different combina-
tions of the accuracy error p € {0, 0.01, 0.02, 0.03, 0.04,
0.05} when H = 1,m=1,¢ = 0.28 and I = 50 with yy €
{0.05,0.1,0.2},n € {5, 10, 15} and T € {0.5,0.7, 0.8, 1.3,
1.5, 2.0}. According to Tran et al. [24], an acceptable value
for the signal-to-noise ratio is at ¢ = 0.28. Table 6 shows
that the p value gives negative influence on the TARL| per-
formance of the CV chart for short production runs. In other
words, the larger the value of p in the linear covariate error
model, the larger the value of TARL;. For example, for
m=1H =1,¢ =028, 1 = 50,n = 10, yp = 0.2
and T = 0.5, the TARL, values of the CV chart with linear
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TABLE 5. TARL; of the CV Chart for Short Production Runs when H =1, m = 1, p = 0.05 and | = 50 for Different Values of ¢.

=10 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
n T % =0.05 %=0.1 %=0.2
5 0.5 44.62 44.62 44.62 44.62 44.62 44.63 44.65 44.65 44.66  44.67 44.68 44.69 44.78 44.79 44.81 44.84 44.89 44.94
0.7 | 49.10 49.10  49.10 49.10  49.10  49.10 | 49.10 49.10  49.10  49.11  49.11  49.11 | 49.13  49.13 49.14 49.14 49.15 49.17
0.8 | 49.84 49.84 4984 49.84 4984 49.84 | 49.84 49.84 4984 49.84 4984 49.84 | 4985 49.85 4985 4986 49.86  49.87
13 | 3647 3647 3648 3649 3650 3652 | 36.63 36.64 36.67 3671 3677 36.85 | 3728 3732 3742 3760 3785 38.17
15 | 1899 1899 19.00 19.02 19.05 19.08 | 1926 1928 1932 1940 1950 19.64 | 20.41 2047 20.66 2098 21.44  22.05
2.0 4.40 4.40 4.41 4.41 4.42 4.43 4.50 4.51 4.52 4.55 4.59 4.64 4.94 4.96 5.04 5.17 5.36 2.09
10 0.5 16.24 16.25 16.25 16.27 16.28 16.30 16.42 16.43 16.45 16.50 16.56 16.65 17.10 17.14 17.24 17.42 17.67 17.99
0.7 44.05 44.05 44.05 44.05 44.06  44.07 | 44.11 44.11 44.12 44.14 44.16 44.19 44.35 44.36 44.40 44.46 44.54 44.64
0.8 | 4826 4826 4826 4827 4827 4827 | 4828 4828 4829 4829 4830 4831 | 4836 4836 4837 4839 4841 4844
1.3 | 2605 2605 2606 2609 2612 2615 | 2637 2639 2644 2653 2665 2680 | 27.65 2772 27.92 2825 2872  29.30
15 | 846 8.46 8.47 8.48 8.50 8.53 8.68 8.69 8.72 8.78 8.86 8.97 9.59 9.64 9.79  10.05 1043  10.92
2.0 2.00 2.00 2.00 2.00 2.01 2.01 2.05 2.05 2.06 2.07 2.09 2.11 2.25 2.26 2.29 2.35 2.44 2.55
15 0.5 4.38 4.38 4.38 4.39 4.39 4.40 4.44 4.44 445 4.47 4.49 4.52 4.68 4.69 4.73 4.79 4.89 5.01
0.7 34.90 3491 3491 34.92 34.94 34.96 35.08 35.09 35.11 35.16 3522 35.30 35.73 35.76 35.86 36.02 36.25 36.52
0.8 | 4581 4581 4581 4581 4582 4582 | 4586 4586 4587 4588 4590 4593 | 46.05 46.06 46.09 46.14 4620  46.28
1.3 | 1829 1829 1831 1833 1837 1841 | 18.65 1867 1872 1882 1895 19.12 | 2007 20.15 2038 2076 2128 2196
15 | 494 494 495 496 497 4.99 5.08 5.08 5.10 5.14 5.19 5.26 5.64 5.67 5.77 5.93 6.17 6.48
20 | 141 1.41 1.41 141 1.41 1.42 1.43 1.43 1.44 1.45 1.46 1.47 1.54 1.55 1.57 1.60 1.64 1.71
TABLE 6. TARL; of the CV Chart for Short Production Runs when H = 1, m = 1, ¢ = 0.28 and | = 50 for Different Values of p.
p=1]0 0.01 0.02 0.03 0.04 0.05 0 0.01 0.02 0.03 0.04 0.05 0 0.01 0.02 0.03 0.04 0.05
n 7 % = 0.05 %=0.1 %=0.2
5 0.5 | 4406 4418 4429 4440 4451  44.62 | 4410 4422 4433 4444 4455  44.65 | 4427 4438 4449 4459 4469 4479
0.7 | 4899  49.01  49.03  49.05  49.08  49.10 | 49.00 49.02  49.04  49.06  49.08  49.10 | 49.03 49.05  49.08  49.10 49.11  49.13
0.8 | 49.79 4980  49.81  49.82  50.19  49.84 | 4980 49.81  49.82 4982 4983 4984 | 49.81 4982 4983 4984 4985 49385
13 | 3471 3508 3545 3580 36.14 3647 | 3492 3529 3565 3599 3632  36.65 | 3580 3613 3645 3676 37.06 3735
15 | 1642 1694 1745 1797 1848  19.00 | 1674 1725 1776 1828 1878 1929 | 18.09 1858  19.07 1956  20.05  20.53
20 | 3.67 3.81 3.95 4.10 425 4.40 3.77 3.91 4.06 420 436 4.51 422 436 4.51 4.67 4.82 4.99
10 | 05 [ 1426 1465 1505 1545 1585 1625 | 1445 1484 1524 1564 1604 1644 | 1520 1559 1599 1638 1678 17.17
0.7 43.34 43.49 43.64 43.78 43.92 44.05 43.42 43.57 43.71 43.85 43.99 44.12 43.74 43.87 44.00 44.13 44.25 44.37
0.8 | 4806 48.10  48.14 4819 4823 4826 | 48.08 48.13  48.17 4821 4825 4828 | 48.18 4822 4826 4829 4833 4836
13 | 2347 2400 2453 2505 2555 2606 | 23.87 2439 2491 2542 2591 2640 | 2547 2594 2642 2688 2734 2778
1.5 7.04 7.31 7.59 7.87 8.16 8.46 7.26 7.53 7.81 8.10 8.40 8.70 8.20 8.48 8.77 9.07 9.38 9.69
20 | 174 1.79 1.84 1.89 1.95 2.00 1.79 1.84 1.89 1.94 2.00 2.05 1.99 2.04 2.10 2.15 221 227
15 0.5 3.79 3.90 4.01 4.13 4.26 4.38 3.84 3.96 4.08 4.20 4.32 4.44 4.08 4.20 4.32 4.45 4.57 4.70
0.7 | 33.15 3352 3388 3423 3457 3491 | 3337 3373 3409 3443 3477 3509 | 3420 3454 3486 3518 3549 3579
0.8 | 4530 4541 4551 4562 4571 4581 | 4537 4547 4558 4568 4577 4586 | 4562 4572 4581 4590 4599  49.44
13 | 1579 1629 1679 1729 17.80 1830 | 1619 16.69 17.19 17.69 18.19 18.68) | 17.84 1831 1879 1927 1975  20.22
15 | 4.14 429 445 4.61 477 4.94 427 4.42 458 475 4.92 5.09 4.84 5.00 5.17 5.34 5.52 5.71
20 | 128 1.31 1.33 1.35 1.38 1.41 131 1.33 1.36 1.38 1.41 1.44 1.41 1.44 1.47 1.49 1.52 1.55
TABLE 7. TARL; of the CV Chart for Short Production Runs when m = 1, ¢ = 0.28, p = 0.05 and | = 50 for Different Values of H.
H=|1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
n T %=0.05 %=0.1 %=02
5 0.5 | 44.62 4435 4425 4420 44.17 | 44.65 4438 4429 4424 4421 | 4479 4453 4444 4439 4436
0.7 49.10 49.04 49.03 49.02 49.01 | 49.10 49.05 49.03 49.02 49.02 | 49.13 49.08 49.07 49.06 49.05
0.8 | 50.19 49.82 49.81 49.81 49.80 | 49.84 49.82 49.81 49.81 49.81 | 49.85 49.83 49.83 49.82 49.82
1.3 | 3647 3562 3532 3517 3508 | 36.65 35.81 3551 3536 3527 | 3735 3655 3627 36.13 36.05
15 | 1900 1771 1728 17.06 1693 | 1929 18.00 17.57 17.35 17.22 | 2053 1922 18.79 18.58 18.45
2.0 4.40 4.02 3.90 3.84 3.81 4.51 4.12 4.00 3.94 3.90 4.99 4.55 4.42 4.36 4.32
10 | 0.5 16.25 1524 1491 1475 14.65 | 1644 1542 1509 1492 1482 | 17.17 16.13 1579 15.62 15.52
0.7 44.05 4371 4359 4353 4349 | 44.12 4378 43.66 43.60 43.56 | 4437 44.05 4393 4388 43.84
0.8 48.26 48.17 48.13 48.11 48.10 | 48.28 48.19 48.15 48.14 48.12 | 48.36 48.27 48.24 48.22 48.21
1.3 | 26.06 2478 2435 2413 2399 | 2640 25.14 2471 2449 2436 | 27.78 26.54 26.13 2592 25.80
1.5 8.46 7.72 7.49 7.37 7.30 8.70 7.94 7.70 7.58 7.51 9.69 8.85 8.59 8.47 8.39
2.0 2.00 1.87 1.82 1.80 1.79 2.05 1.91 1.87 1.85 1.83 2.27 2.11 2.06 2.04 2.02
151 0.5 4.38 4.07 3.97 3.93 3.90 4.44 4.13 4.03 3.98 3.95 4.70 4.69 4.69 4.68 4.18
0.7 | 3491 34.05 3376 33.60 33.51 | 35.09 3425 3395 3380 33.71 | 3579 3576 3575 3575 3447
0.8 | 4581 4556 4548 4543 4541 | 4586 45.62 4554 4549 4547 | 46.07 46.06 46.06 46.06 45.70
1.3 18.30 17.03 16.61 1640 1628 | 18.68 1741 1699 16.78 16.65 | 20.22 20.15 20.12 20.11 18.16
15 | 494 452 439 432 429 | 509 465 452 445 441 | 571 567 566 566 495
2.0 1.41 1.34 1.32 1.31 1.31 1.44 1.37 1.34 1.33 1.33 1.55 1.55 1.55 1.55 1.43

covariate error model are obtained as 15.20, 15.59, 15.99,

Table 7 presents the TARL; values for different combina-
tions of the constant coefficient H € {1, 2, 3, 4, 5} when
¢ =028, m=1,p =0.05and I = 50 with yy € {0.05,

16.38,16.78 and 17.17 when p = 0,0.01, 0.02,0.03, 0.04 and
0.05, respectively.
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TABLE 8. TARL; of the CV Chart for Short Production Runs when H = 1, ¢ = 0.28, p = 0.05 and | = 50 for Different Values of m.

m= | 1 3 5 7 10 1 3 5 7 10 1 3 5 7 10
n 4 %=0.05 %=0.1 %=0.2
5 0.5 | 44.62 44.62 44.62 44.62 44.62 | 44.65 44.65 4465 44.65 44.65 | 4479 44779 4478 44778 4418
0.7 | 49.10 49.10 49.10 49.10 49.10 | 49.10 49.10 49.10 49.10 49.10 | 49.13 49.13 49.13 49.13 49.13
0.8 | 4984 4984 4984 4984 4984 | 49.84 49.84 4984 4984 4984 | 4985 4985 4985 4985 49.85
1.3 | 36.47 36.47 3647 3647 3647 | 36.65 36.64 36.63 36.63 36.63 | 37.35 3731 3730 3729 37.29
1.5 19.00 1899 1899 1899 1899 | 1929 1927 1927 1927 19.27 | 20.53 2045 2043 2043 2042
20 | 440 440 440 440 440 | 451 450 450 450 450 | 499 495 495 494 494
10 0.5 1625 1625 1625 1625 1624 | 16.44 1642 1642 1642 1642 | 17.17 17.12 17.11 17.11 17.11
0.7 | 44.05 44.05 44.05 44.05 44.05 | 44.12 44.11 44.11 44.11 44.11 | 4437 4436 4435 4435 4435
0.8 | 4826 4826 4826 48.26 48.26 | 48.28 48.28 4828 4828 48.28 | 4836 4836 4836 48.36 48.36
1.3 | 2606 26.05 2605 26.05 26.05| 2640 2638 2638 2638 2637 | 27.78 2770 27.68 27.67 27.66
1.5 | 8.46 8.46 8.46 8.46 8.46 8.70 8.68 8.68 8.68 8.68 9.69 9.62 9.61 9.60 9.60
2.0 | 2.00 2.00 2.00 2.00 2.00 2.05 2.05 2.05 2.05 2.05 2.27 2.26 2.25 2.25 2.25
15 0.5 | 4.38 4.38 4.38 4.38 438 4.44 4.44 4.44 4.44 4.44 4.70 4.69 4.68 4.68 4.68
0.7 | 3491 3491 3490 3490 3490 | 35.09 35.08 3508 3508 3508 | 3579 3575 3574 3574 35.74
0.8 | 4581 4581 4581 4581 4581 | 4586 4586 4586 4586 4586 | 46.07 46.06 46.06 46.06 46.06
1.3 18.30 1829 1829 1829 1829 | 18.68 18.66 18.65 18.65 18.65 | 20.22 20.12 20.10 20.09 20.09
15 | 494 494 494 494 494 | 509 508 508 508 508 |571 566 566 565 565
20 [ 141 141 141 141 141 | 144 143 143 143 143 | 155 155 155 154 154
0.1, 0.2}, n € {5, 10, 15} and 7 € {0.5, 0.7, 0.8, 1.3, 1.5, n=>5
2.0}. The larger H value leads to the decrease of TARL “
value. This indicates that the increase of H value enhances the o3
performance of the CV chart. For example, TARL; = 19.29, L2
385
18.00, 17.57, 17.35 and 17.22 for B = 1, 2, 3, 4 and 5, E .
. =
respectively at T = 1.5 when yp = 0.1, n = 5, ¢ = 0.28, s
m=1,p=0.05and I =50. ¥
Table 8 presents the TARL; values for different combi- 365
. . . [} 1 2 3 4 5
nations of the number of multiple measurements per item .
in each sample m € {1, 3, 5, 7, 10} when ¢ = 0.28,
H =1,p = 0.05and I = 50 with yp € {0.05, 0.1, 0.2}, n=10
n € {5, 10, 15} and v € {0.5, 0.7, 0.8, 1.3, 1.5, 2}. The 3";
results in Table 8 indicates that the decrease of TARL; is 5
insignificant as the m value increase, in which the value of 3 ®
TARL reduces negligibly or remains unchanged as the value £
. . . . 28
of m increases. For instance, if we consider the case n = 15, s
w=011=13,¢=028H=1,p =0.05and I = 50, 7
the TARL, values are 18.68, 18.66, 18.65, 18.65 and 18.65 for 50 T T T ; .
m=1,3,5,7 and 10, respectively. <
Fig. 1, 2, 3 and 4 provide the impact of parameters for s
n=

measurement errors ¢, p, H and m, respectively on the overall
performance of the CV chart for short production runs when
n € {5, 10, 15} for yp = 0.1 and ETARLy = TARLy =
I = 50. Fig. 1 and 2 show that the parameters ¢ and p signif-
icantly affect the performance of the CV chart, in which larger
values of ¢ and p increase the value of ETARL;. Fig. 3 shows
that increasing the value of parameter H improves the effi-
ciency of the CV chart, while Fig. 4 shows that the m value
does not significantly affect the performance of the CV chart.

V. COEFFICIENT OF VARIAION CHART WITH
MEASUREMENT ERRORS FOR SHORT

PRODUCTION RUNS BASED ON

ECONOMIC CRITERION

During a finite horizon process with length of I, N parts
are scheduled to be produced. The parts will be loaded and
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FIGURE 1. ETARL, of the CV chart for short production runs when
70=0.1,H=1,m=1, p =0.05 and / = 50 for different values of ¢.

worked within a workstation at one stage of the process and
then released to an adjacent inspection area individually or
in small groups of pallet size B. Let T be the number of
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FIGURE 2. ETARL; of the CV chart for short production runs when
70=0.1,H=1,m=1, ¢ = 0.28 and I = 50 for different values of p.

scheduled inspection within the production horizon I, then the
last inspection is scheduled at the end of the production run
and the sampling interval between two consecutive inspec-
tions is h = I /(T + 1) (Celano et al. [35]).

The occurrence of an assignable cause when the process
is shifted to an out-of-control state for the short production
runs is assumed to be Poisson distributed with an exponen-
tially distributed inter-arrival time having the mean of 1/v,
where v is the failure rate. In general, the parameters for
the economic design of a control chart are the inspection
interval (h), the rate of production (rpg), the rate of inspec-
tion (R), the failure rate (v), the production horizon (I),
the total number of inspection during production horizon (7),
the demand of parts during production horizon (), the pallet
size (B), the fixed inspection cost (f), the hourly cost of the
inspection resource (crg), the out-of-control loss rate (W),
the fixed set-up cost (cr), the cost per false alarm (Ly) and
the cost of search and restoration (Lp). In this study, og =
1 — F,,,(UCL|n, yeo) + Fy; (LCL|n, ygo) is the type I error
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FIGURE 3. ETARL; of the CV chart for short production runs when
70 =0.1,5=0.28,m=1, p = 0.01 and I = 50 for different values of H.

probability of the CV chart and 1 = 1 —F,,,(UCL|n, yg1)+
F,.(LCL|n, yg1) is the power of the CV chart. The expected
inspection cost E(TC) of the CV control chart for short
production runs is given as follows:

ETC)=C1+C+ C3+ C4+ Cs, (14)

where C1 = cr [N/B] is the work-holding set-up cost with
[x] denotes the smallest integer greater than or equal to Xx;
Cy = (f + cLrn/R) T 1is the sampling cost; C3 = C31 + C3;
is the expected out-of-control production cost, where C31 =

T-2 _
Wh(1 E_Vh) Z F@) {% [1 —(1- O{l)T_l_’]} and
i=0

v

Vh—1+€7‘)h T—1 ] hT—l ]
Cyp = W(—) > F): Cy = Loage™ Y. F(i)

=0 (=0
is the expected cost of lfalse alarms; and C; = lL](l —
T-1 )
e v S FMI -1 - a1)T~] is the expected search and
i=0

restoration cost. Here, F(0O) = 1 and F(i) = F(@i —
Dle™"" + (1 — e™"Ma] 4+ [1 — F(i — D]o;. The detailed
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FIGURE 4. ETARL; of the CV chart for short production runs when
70 =0.1,H =1, 5 =0.28, p = 0.01 and I = 50 for different values of m.

derivations of Cj, C, C3, C4 and Cs are presented in
Celano et al. [35].

In the study, when designing the CV chart with short
production runs based on the economic criterion, the values
of B, T, n, UCL and LCL should be selected by minimizing
the expected inspection cost in (14), subject to the following
constraints: (i) g < 0.01 is the statistical constraint for the
economic optimization, in order to limit the expected number
of false alarms issued by the CV chart; (ii)) 0 < T < |[N/B] is
related to the maximum allowable number of inspections to
be scheduled during the rolling horizon; (iii)) 0 < n < |[N/T |
is related to the maximum allowable sample size; and (iv)
0 < B < 20 is related to the maximum pallet size, where
|x] denotes the largest integer less than or equal to x.

In this section, the effect of measurement errors on the
parameters for the economic design of the CV chart with short
production runs is investigated. The values of the parameters
for this design based on the economic criterion are v = 0.01,
Lo =10,rpp = 1, R =30,cr =5,f =0, ccg = 20 and
W = 100, where N = rpgl and L1 = 1.5L.

Fig. 5, 6, 7 and 8 provide the impact of ¢, p, H and m,
respectively on the economic performance of the CV chart
for short production runs when I = 50, yp = 0.1 and
v = 2.0. Fig. 5 shows that the parameter ¢ affects the eco-
nomic performance of the CV chart, in which a larger value
of ¢ slightly reduces the value of the expected inspection cost
E(TC). Fig. 6, 7 and 8 show that the values of p, H and m,
respectively, do not significantly affect the E(7TC) value.

VI. ILLUSTRATIVE EXAMPLE
Castagliola et al. [38] provided an example for the implemen-
tation of the CV chart in short production runs. This example
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considers actual data from a die casting hot chamber process
provided by a Tunisian company manufacturing zinc alloy
parts for the sanitary section. The quality characteristic of
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TABLE 9. lllustrative Example From A Die Casting Hot Chamber Process
(Adopted from Nguyen et al. [22]).

i )?"‘ S,.# j}Ex

1 449.0 5.491 0.0122
2 453.0 4.354 0.0096
3 451.5 7.137 0.0158
4 455.2 4.888 0.0107
5 447.0 7.660 0.0171
6 446.3 2.629 0.0059
7 4453 6.016 0.0135
8 451.5 3.324 0.0074
9 4514 2.311 0.0051
10 448.3 5.782 0.0129
11 449.7 7.656 0.0170
12 447.7 3.406 0.0076
13 454.0 8.420 0.0185
14 451.0 4.885 0.0108
15 452.3 3.989 0.0088
16 450.7 8.315 0.0184
17 446.5 3.645 0.0082
18 450.2 9.553 0.0212
19 4493 10.131 0.0225
20 449.2 4.186 0.0093
21 452.2 4.788 0.0106
22 448.7 3.890 0.0087
23 449.7 8.613 0.0192
24 450.1 7.376 0.0164
25 449.8 5.475 0.0122
26 451.9 4.399 0.0097
27 450.6 4310 0.0096
28 4534 3.627 0.0080
29 450.5 4.806 0.0107
30 450.9 4.358 0.0097

interest is the weight (X in grams) of scrap zinc alloy material
to be removed between the molding process and the continu-
ous plating surface treatment. Then, Nguyen et al. [22] con-
sidered the example in Castagliola et al. [38] for the CV chart
with variable sampling interval in the presence of measure-
ment errors. This section illustrates the use of the CV chart
for short production runs under the presence of measurement
errors by considering the example in Nguyen et al. [22],
where ¢ = 0.28, p = 0, H = 1 and m = 1 for the
parameters of the linear covariate error model. From the
Phase I data, the in-control CV is estimated as yp = 0.01.
The dataset with sample size of n = 5 in Phase II is listed
in Table 9. The first 17 samples are supposed to be in-control
while the last 23 subgroups are supposed to be out-of-control
with an increase of 20% (i.e. t = 1.2) of the CV when
designing the CV chart for a short run production of 31 hours
calling for I = 30 inspections, that is an inspection every
hour. Consequently, the out-of-control CV is determined as
y1 = Ty = 1.2(0.01) = 0.012. For detecting a shift from
Yo = 0.01 to y; = 0.12, the LCL and UCL of the CV chart
are found to be 0.002947 and 0.018666 using (10) and (11),
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respectively. Then, the TARL; and ETARL; are computed as
14.38 and 13.71 using (12) and (13), respectively.

0.025

002 T WUCL = 0.018666 °
5 0.015 -
2
£
2 001 ,

0.005 -

LCL = 0.002947
0
0 5 10 15 20 25 30

Sampling point

FIGURE 9. CV chart for the illustrative example.

The sample CV in Phase II are plotted on the CV chart
in Fig. 9. At the 18th, 19th and 23rd sampling points, the sam-
ples are plotted above UCL, indicating the CV chart detects
an out-of-control situation at each of these sampling points.
This confirming the occurrence of an assignable cause for
each of these sampling points and corrective actions will be
taken to bring the process back to the in-control situation.

VII. CONCLUSION

This study evaluates the statistical performance of the CV
chart with measurement errors for short production runs. The
performance measures used to investigate the performance
of the CV chart are TARL and ETARL. The effect of mea-
surement errors on the performance of the CV chart for short
production runs is studied by assuming a linear covariate error
model.

From the numerical results, it can be noticed that mea-
surement errors affect the performance of the CV chart in
detecting the out-of-control situation for short production
runs. The performance of the CV chart for short production
runs deteriorates when both the precision and accuracy errors
increase. In addition, increasing the constant coefficient B in
the linear covariate error model can reduce the negative effect
of measurement errors on the CV chart for short production
runs. Although using multiple measures per item is a common
approach to compensate the effect of measurement errors but
the results in this study show that the efficiency of the CV
chart for short production runs is not reduced significantly by
increasing the number of multiple measurements per item in
each sample. Furthermore, a lower expected inspection cost
is expected when the precision error value increases based on
the economic criterion.

The property of the CV chart for short production runs
with linear covariate error model developed in this study
is under the assumption that the observations are normally
distributed. Thus, this study can be extended to the CV chart
under non-normality for future work. Furthermore, advanced
strategies such as synthetic-type chart and adaptive-type chart
can also be considered under the presence of measurement
errors.

VOLUME 8, 2020



M. H. Lee et al.: Effect of Measurement Errors on the Performance of CV Chart

IEEE Access

REFERENCES

[1]

[2]

[3]

[4]

[5]

[6]

[71

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

C. W. Kang, M. S. Lee, Y. J. Seong, and D. M. Hawkins, “A control
chart for the coefficient of variation,” J. Qual. Technol., vol. 39, no. 2,
pp. 151-158, Apr. 2007.

P. Castagliola, A. Achouri, H. Taleb, G. Celano, and S. Psarakis, ‘“Monitor-
ing the coefficient of variation using a variable sample size control chart,”
Int. J. Adv. Manuf. Technol., vol. 80, nos. 9-12, pp. 1561-1576, Oct. 2015.
P. H. Tran and K. P. Tran, “The efficiency of CUSUM schemes for
monitoring the coefficient of variation,” Appl. Stochastic Models Bus. Ind.,
vol. 32, no. 6, pp. 870-881, Nov. 2016.

H. W. You, M. B. C. Khoo, P. Castagliola, and A. Haq, “Monitoring the
coefficient of variation using the side sensitive group runs chart,” Qual.
Rel. Eng. Int., vol. 32, no. 5, pp. 1913-1927, Jul. 2016.

K. W. Khaw, M. B. C. Khoo, W. C. Yeong, and Z. Wu, “Monitoring
the coefficient of variation using a variable sample size and sampling
interval control chart,” Commun. Statist.-Simul. Comput., vol. 46, no. 7,
pp. 5772-5794, Aug. 2017.

W. L. Teoh, M. B. C. Khoo, P. Castagliola, W. C. Yeong, and S. Y. Teh,
“Run-sum control charts for monitoring the coefficient of variation,” Eur.
J. Oper. Res., vol. 257, no. 1, pp. 144-158, Feb. 2017.

W.C. Yeong, M. B. C. Khoo, S. L. Lim, and M. H. Lee, ““A direct procedure
for monitoring the coefficient of variation using a variable sample size
scheme,” Commun. Statist.-Simul. Comput., vol. 46, no. 6, pp. 4210-4225,
Jul. 2017.

W. C. Yeong, M. B. C. Khoo, L. K. Tham, W. L. Teoh, and M. A. Rahim,
“Monitoring the coefficient of variation using a variable sampling interval
EWMA chart,” J. Qual. Technol., vol. 49, no. 4, pp. 380—401, Oct. 2017.
A. N. B. Muhammad, W. C. Yeong, Z. L. Chong, S. L. Lim, and
M. B. C. Khoo, “Monitoring the coefficient of variation using a variable
sample size EWMA chart,” Comput. Ind. Eng., vol. 126, pp. 378-398,
Dec. 2018.

W. C. Yeong, S. L. Lim, M. B. C. Khoo, and P. Castagliola, ‘““Monitoring
the coefficient of variation using a variable parameters chart,” Qual. Eng.,
vol. 30, no. 2, pp. 212-235, Apr. 2018.

J. Zhang, Z. Li, and Z. Wang, “Control chart for monitoring the coefficient
of variation with an exponentially weighted moving average procedure,”
Qual. Rel. Eng. Int., vol. 34, no. 2, pp. 188-202, Mar. 2018.

R. Chen, Z. Li, and J. Zhang, “A generally weighted moving average
control chart for monitoring the coefficient of variation,” Appl. Math.
Model., vol. 70, pp. 190-205, Jun. 2019.

S. A. Daryabari, S. M. Hashemian, A. Keyvandarian, and S. A. Maryam,
“The effects of measurement error on the MAX EWMAMS control
chart,” Commun. Statist.-Theory Methods, vol. 46, no. 12, pp. 57665778,
Jun. 2017.

M. R. Maleki, A. Amiri, and P. Castagliola, “Measurement errors in
statistical process monitoring: A literature review,” Comput. Ind. Eng.,
vol. 103, pp. 316-329, Jan. 2017.

K. P. Tran, P. Castagliola, and N. Balakrishnan, “On the performance of
shewhart median chart in the presence of measurement errors,” Qual. Rel.
Eng. Int., vol. 33, no. 5, pp. 1019-1029, Jul. 2017.

K. W. Linna and W. H. Woodall, ““Effect of measurement error on shewhart
control charts,” J. Qual. Technol., vol. 33, no. 2, pp. 213-222, Apr. 2001.
W.C. Yeong, M. B. C. Khoo, S. L. Lim, and W. L. Teoh, ““The coefficient of
variation chart with measurement error,” Qual. Technol. Quant. Manage.,
vol. 14, no. 4, pp. 353-377, Oct. 2017.

A. Amiri, R. Ghashghaei, and M. R. Maleki, “On the effect of measure-
ment errors in simultaneous monitoring of mean vector and covariance
matrix of multivariate processes,”” Trans. Inst. Meas. Control, vol. 40, no. 1,
pp. 318-330, Jan. 2018.

X.-B. Cheng and F.-K. Wang, “The performance of EWMA median and
CUSUM median control charts for a normal process with measurement
errors,” Qual. Rel. Eng. Int., vol. 34, no. 2, pp. 203-213, Mar. 2018.
X.-B. Cheng and F.-K. Wang, “VSSI median control chart with estimated
parameters and measurement errors,” Qual. Rel. Eng. Int., vol. 34, no. 5,
pp. 867-881, Jul. 2018.

A. Tang, P. Castagliola, J. Sun, and X. Hu, “The effect of measurement
errors on the adaptive EWMA X chart,” Qual. Rel. Eng. Int., vol. 34, no. 4,
pp. 609-630, Jun. 2018.

H.D.Nguyen, Q. T. Nguyen, K. P. Tran, and D. P. Ho, ““On the performance
of VSI shewhart control chart for monitoring the coefficient of variation in
the presence of measurement errors,” Int. J. Adv. Manuf. Technol., vol. 104,
nos. 1-4, pp. 211-243, Sep. 2019.

VOLUME 8, 2020

(23]

(24]

(25]

[26]

[27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

[35]

(36]

(37]

(38]

(391

(40]

[41]

[42]

(43]

(44]

(45]

H. Sabahno, A. Amiri, and P. Castagliola, “Optimal performance of the
variable sample sizes Hotelling’s T2 control chart in the presence of
measurement errors,” Qual. Technol. Quant. Manage., vol. 16, no. 5,
pp. 588-612, Sep. 2019.

K. P. Tran, C. Heuchenne, and N. Balakrishnan, “On the performance
of coefficient of variation charts in the presence of measurement errors,”
Qual. Rel. Eng. Int., vol. 35, no. 1, pp. 329-350, Feb. 2019.

P. H. Tran, K. P. Tran, and A. Rakitzis, “A synthetic median control chart
for monitoring the process mean with measurement errors,” Qual. Rel.
Eng. Int., vol. 35, no. 4, pp. 1100-1116, Jun. 2019.

K. P. Tran, H. D. Nguyen, P. H. Tran, and C. Heuchenne, ““On the perfor-
mance of CUSUM control charts for monitoring the coefficient of variation
with measurement errors,” Int. J. Adv. Manuf. Technol., vol. 104, nos. 5-8,
pp. 1903-1917, Oct. 2019, doi: 10.1007/s00170-019-03987-6.

S. P. Ladany, “Optimal use of control charts for controlling current pro-
duction,” Manage. Sci., vol. 19, no. 7, pp. 763-772, Mar. 1973.

S. V. Crowder, “An SPC model for short production runs: Minimizing
expected cost,” Technometrics, vol. 34, no. 1, pp. 64-73, Feb. 1992.

E. D. Castillo and D. C. Montgomery, ‘“Short-run statistical process con-
trol: Q-chart enhancements and alternative methods,” Qual. Rel. Eng. Int.,
vol. 10, no. 2, pp. 87-97, 1994.

E. D. Castillo, J. M. Grayson, D. C. Montgomery, and G. C. Runger,
“A review of statistical process control techniques for short run manu-
facturing systems,” Commun. Statist.-Theory Methods, vol. 25, no. 11,
pp. 2723-2737, Jan. 1996.

G. Nenes and G. Tagaras, “‘Evaluation of CUSUM charts for finite-horizon
processes,” Commun. Statist.-Simul. Comput., vol. 39, no. 3, pp. 578-597,
Feb. 2010.

E. Trovato, P. Castagliola, G. Celano, and S. Fichera, “Economic design
of inspection strategies to monitor dispersion in short production runs,”
Comput. Ind. Eng., vol. 59, no. 4, pp. 887-897, Nov. 2010.

G. Celano, P. Castagliola, E. Trovato, and S. Fichera, “Shewhart and
EWMA t control charts for short production runs,” Qual. Rel. Eng. Int.,
vol. 27, no. 3, pp. 313-326, Apr. 2011.

G. Celano, P. Castagliola, and E. Trovato, “The economic performance
of a CUSUM t control chart for monitoring short production runs,” Qual.
Technol. Quantum Manag., vol. 9, no. 4, pp. 329-354, 2012.

G. Celano, P. Castagliola, E. Trovato, and S. Fichera, “The economic
performance of the Shewhart t chart,” Qual. Rel. Eng. Int., vol. 28, no. 2,
pp- 159-180, Mar. 2012.

P. Castagliola, G. Celano, S. Fichera, and G. Nenes, “The variable sample
size t control chart for monitoring short production runs,” Int. J. Adv.
Manuf. Technol., vol. 66, pp. 1353-1366, Aug. 2012.

G. Celano, P. Castagliola, S. Fichera, and G. Nenes, ‘‘Performance of t
control charts in short runs with unknown shift sizes,” Comput. Ind. Eng.,
vol. 64, no. 1, pp. 5668, Jan. 2013.

P. Castagliola, A. Amdouni, H. Taleb, and G. Celano, “One-sided
shewhart-type charts for monitoring the coefficient of variation in short
production runs,” Qual. Technol. Quant. Manage., vol. 12, no. 1,
pp. 53-67, Jan. 2015.

A. Amdouni, P. Castagliola, H. Taleb, and G. Celano, ‘“Monitoring the
coefficient of variation using a variable sample size control chart in short
production runs,” Int. J. Adv. Manuf. Technol., vol. 81, nos. 1-4, pp. 1-14,
Oct. 2015.

A. Amdouni, P. Castagliola, H. Taleb, and G. Celano, ““One-sided run rules
control charts for monitoring the coefficient of variation in short production
runs,” Eur. J. Ind. Eng., vol. 10, no. 5, pp. 639-663, 2016.

G. Celano, P. Castagliola, and S. Chakraborti, “Joint shewhart control
charts for location and scale monitoring in finite horizon processes,”
Comput. Ind. Eng., vol. 101, pp. 427-439, Nov. 2016.

G. Celano, P. Castagliola, S. Chakraborti, and G. Nenes, “The performance
of the Shewhart sign control chart for finite horizon processes,” Int. J. Adv.
Manuf. Technol., vol. 84, nos. 5-8, pp. 1497-1512, 2016.

A. Amdouni, P. Castagliola, H. Taleb, and G. Celano, ““A variable sampling
interval shewhart control chart for monitoring the coefficient of variation
in short production runs,” Int. J. Prod. Res., vol. 55, no. 19, pp. 5521-5536,
Oct. 2017.

Y. Nikolaidis and G. Tagaras, “New indices for the evaluation of the
statistical properties of Bayesian X control charts for short runs,” Eur. J.
Oper. Res., vol. 259, no. 1, pp. 280-292, May 2017.

G. Celano and P. Castagliola, “An EWMA sign control chart with varying
control limits for finite horizon processes,” Qual. Rel. Eng. Int., vol. 34,
no. 8, pp. 1717-1731, Dec. 2018.

72227


http://dx.doi.org/10.1007/s00170-019-03987-6

IEEE Access

M. H. Lee et al.: Effect of Measurement Errors on the Performance of CV Chart

[46]

[47]

[48]

[49]

X.Zhou, K. Govindaraju, and G. Jones, ‘“Monitoring fractional nonconfor-
mance for short-run production,” Qual. Eng., vol. 30, no. 3, pp. 498-510,
Jul. 2018.

N. L. Chong, M. B. C. Khoo, A. Haq, and P. Castagliola, “Hotelling’s T2
control charts with fixed and variable sample sizes for monitoring short
production runs,” Qual. Rel. Eng. Int., vol. 35, no. 1, pp. 14-29, 2019.

M. Khatun, M. B. Khoo, M. H. Lee, and P. Castagliola, ‘“‘One-sided control
charts for monitoring the multivariate coefficient of variation in short pro-
duction runs,” Trans. Inst. Meas. Control, vol. 41, no. 6, pp. 1712-1728,
Apr. 2019.

K. P. Tran, P. Castagliola, and G. Celano, “The performance of the
shewhart-RZ control chart in the presence of measurement error,” Int. J.
Prod. Res., vol. 54, no. 24, pp. 7504-7522, Dec. 2016.

MING HA LEE received the B.Tech. degree from
Universiti Sains Malaysia, the M.Sc. degree from
Universiti Putra Malaysia, and the Ph.D. degree
from Universiti Sains Malaysia. She is a Senior
Lecturer with the Faculty of Engineering, Comput-
ing and Science, Swinburne University of Technol-
ogy, Sarawak Campus, Malaysia.

MICHAEL B. C. KHOO received the Ph.D. degree
in applied statistics from Universiti Sains Malaysia
(USM), in 2001. He is currently a Professor
with the School of Mathematical Sciences, USM.
His research interests include statistical process
control and reliability analysis. He is a member
of the American Society for Quality and serves
as a member of the Editorial Board of Quality
Engineering.

72228

XINYING CHEW received the Ph.D. degree in
statistical quality control from Universiti Sains
Malaysia. She is a Certified Trainer with Human
Resources Development Fund, Malaysia. Her
research articles are published in several renowned
international peer-reviewed journals, such as Com-
puters and Industrial Engineering and Quality and
Reliability Engineering International. She is also
an Adjunct Research Fellow of the Swinburne Uni-
versity of Technology, Sarawak Campus. Prior to
her academic career, she worked in the Advanced Analytics Research Team
of a renown U.S. multinational company. She is currently a Senior Lecturer
with the School of Computer Sciences, Universiti Sains Malaysia. Her areas
of research are in advanced analytics and statistical quality/process control.

PATRICK H. H. THEN is the Director of the Centre
for Digital Futures Swinburne Sarawak. He is a
Strong Advocate of R&D and Commercialization
of Innovations in Big Data, Data Mining, and
the Internet of Things. He has established indus-
try collaboration at national and international lev-
els. He has been leading multiple industry-funded
projects in research and development in collab-
oration with prominent ICT partners, such as
Sarawak Information Systems Sdn Bhd (SAINS),
IDS (Malaysia) Sdn Bhd, Sarawak, and organizations around the world.
He has established partnership between Swinburne and international com-
mercial partners, such as Fusionex International Ltd., U.K., D&J Human
Care, South Korea, and Easy Global Market, France. He is a member of
the Institute of Electrical and Electronics Engineers USA and the Australian
Computer Society.

VOLUME 8, 2020



